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ABSTRACT OF THE DISSERTATION

A Cognitive Test Battery to Assess General Intelligence in the Pigeon (Columba livia)

by

Mary Elizabeth Flaim
Doctor of Philosophy in Psychology
University of California, Los Angeles, 2021

Professor Aaron P. Blaisdell, Chair

The study of intelligence in humans has been ongoing for over 100 years, including the
underlying structure, predictive validity, related cognitive measures, and source of differences.
One of the key findings in intelligence research is the uniform positive correlations among
cognitive tasks. Factor analysis consistently extracts one factor that can account for
approximately half of the variance in performance. This factor is termed g and all cognitive tasks
positively load onto this factor. This has been replicated with every cognitive test battery in
humans. Nevertheless, many other aspects of intelligence research have revealed contradictory
lines of evidence. Recently, cognitive test batteries have been developed for animals to examine
similarities to humans in cognitive structure. When mice and some avian species are assessed
with cognitive test batteries, performance positively correlates and the first component extracted
has similar properties to g. There are some limitations to the species tested thus far, including
comparability in the cognitive domains assessed across species and homogeneous samples. The

pigeon is an ideal subject to overcome these issues since pigeons, humans, and other primates are



frequently given similar tasks. We created a test battery for pigeons that assessed different
cognitive domains, including associative learning, short term memory, cognitive flexibility, and
reaction time. This test battery was administered to 23 subjects that ranged in age from 6 months
to 18 years old. The tasks included were sufficiently sensitive to detect individual differences,
while still being reliable measures of performance. Despite the strengths of the test battery, we
did not consistently extract a g like factor. Analyses indicated a two-component structure, where
the associative learning and reaction time tasks loaded onto component 1, while short term
memory and cognitive flexibility tasks loaded onto component 2. While it is impossible to
determine what these components represent from the results of these experiments alone, we
speculated that these components could reflect reliance on different underlying cognitive
abilities, degree of automaticity, and sensitivity to age related decline. Additional research,
including administering test batteries to other species, will be necessary to fully understand why

pigeons show two-components instead of g.



The dissertation of Mary Elizabeth Flaim is approved.

William Grisham

Alan Castel

James Stigler

Barney Schlinger

Aaron P. Blaisdell, Committee Chair

University of California, Los Angeles

2021



Contents

(010 0 (=10 £ T T TP PP PP PR U PRSPPI %
ACKNOWLEDGEMENTS ...ttt ettt e e ne e Xii
VT A e XVI
(@8 T o) 1 I [ (0o [0 Tod o USSR 1
BIIEf OVEIVIEW OF [ .ottt e aeeneeeneens 1
Related COgNITIVE FACIOTS ........oouiiiiieieiiee et 8
SHOME-TEIM IMEIMOIY ...t bbbttt b e bbb 11
PrOCESSING SPEEU ...ttt bbbttt ettt bbb e eneas 12
RESPONSE INNIDITION ...t sre e 14
ASSOCIALIVE LEAIMING ....vviivieieciie ittt ettt e e st e s te e st e e sreeneesteeteaneesreenneenee e 16
Related Cognitive Factors - SUMMAIY.........cccoiiieiieieiiesieesesee et e e sreesre e sraenneas 17

g 1N NONNUMAN ANTMALS ...t 18
NONNUMAN PIIMALES ...ttt b e bbb eneas 21
IVHICR ettt bR bbbt b bRttt bbb ne s 25
AVIBN SPBCIES ...ttt ettt ettt et e st e e s te e s e e s beebeessesae e teensesteeteaasesreenneenee e 29
DHSCUSSION ...tttk b bbbt bbbt b bbb e et b e et 36
TADIE 1.0, ettt 53

Chapter 2: Transferring Relational Rule Learning: A Potential Problem Between Successive and

Simultaneous Choice Procedures when Assessing Pigeons (Columba Livia)..........cccccevvevviennnns 58
N 11 = Tod SRS S PR URTRRT 58
INEFOTUCTION ... e bbbt ettt et st e et e e e nbe e e 58



1Y/ <11 0 To o [T 61

RS ] 1= £ SRS 61
AAPPATATUS ... 62
SEIMUIT .ttt ettt bttt e e et n e sttt 63
MALFIX DISPIAYS ...ttt b 63
PIOCEAUIE ...t bbbttt bbb bbbt b et 64

D 1 QAN 01|V [P RRROPPS 67
RESUIES ...t bbb et et b 67
First Rule Acquisition and TranSfer TESTING ........cccueoveieierereresie e 67
Second Rule Acquisition and Transfer TESHING .........cccvreererenene s 68
Order OF RUIE EFfECES.....c.viiiiieeieie e 70
DHSCUSSION ...tttk bbbt bbbt bbb et b bbbt e e b n e 71
Chapter 3: Assessing Associative Learning Using the Symbolic Match to Sample Task............ 86
AADSTFACT ...t e bbb 86
INEFOTUCTION ...ttt bbbt b et 86
IMIEBENIOM ...ttt bbbttt bbb b 90
SUDJECTS ..ttt bbb bbb 90
AADPATATUS ... et R et 91
SEMUIT bbbt r et b b s 91
PIOCEAUIE ...t bbbttt n bbb ene s 92

Vi



RESUIES ... bbb Rt 96
DISCUSSION ...ttt bbbkt h st bbbt bbbt et e et b b et b e e 96
Chapter 4: Serial ReVErsal LEarning ........cccoeoeiiiiriiiiieieieiee s 105
AADSTFACT ...ttt 105
INEFOAUCTION ... b bttt b bbb nne e 105
IMIBENOAS ...ttt bbbt b et bt 110
ST o] 1< £ SSSPSRN 110

F N o] L= L= L (1 TR RTPRTPIN 110

R3] 110010 ST 111
PIOCEAUIE ...ttt bbbttt et et b e bbb e 111
DAL ANBIYSIS. ...ttt bbbt 112
RESUILS ...t b et bbb et 112
DHSCUSSION ..tttk b et bbb bbbttt b e n et n e 115
Chapter 5: The Delayed Match to Sample TasK .........cccccviiiiiiiieiicieeccecce e 125
AADSTFACT ...ttt b et 125
INEFOTUCTION ...t b ettt ettt bbbt 125
IVIBENOUS ... bbbttt bbbttt bbb 132
SUDJECTS ...t bbbttt bbb 132

F N o] L= L L (1 RS UPRTPRTPI 132

vii



] 11U LR TTRTRRRRR 133

PIOCEUUIE ...t bbbt b bbbt b et nn et n e 133
DAL ANBIYSIS. ...ttt bbb 136
RESUILS ..ttt bbbt bbb 137
Simultaneous MatCh t0 SAMPIE ........c.ooiiiii e 137
Delayed MatCh t0 SAMPIE.......coviiiiiee e ns 137
DUSCUSSION ...tttk b bbbt b bbbt bt b ettt b et ben e 141
Chapter 6: ChoiCe REACLION TIME........ccuiiiiiieeieiie sttt sre e e sre e 154
AADSTFACT ...ttt 154
INEFOAUCTION ... b bbbttt nb e bbb i 154
EXPEIIMENT L ..ot b bbbt n et bbb 160
IMIBENOMS ...ttt bbbt 161
RESUIES ..ttt b bbbt 166
DISCUSSION ...tttk etttk bbbt b bbbt b et et ettt b et nne e 168
EXPEIIMENT 2 ..ottt ettt e st e et e et e be et e s aeeste e e e ste e te et e aneenas 169
IMIBENOM. ... bbb 169
RESUITLS .. bbbttt bbb 170
Dol U1 (o] o OSSOSO 172
EXPEIIMENT 3 .ot e et e e s b e et e st e e et e e b e e e et e e te e e 174
IMIBENOMS ... 175

viii



RESUIES .ottt e et e e ettt e e e e e et e ee e e e e a e ————aaaaaaaa 175
DISCUSSION ..ottt e ettt e e et e e e e ettt e e e e e e e e et eeeeeeeea e eereeeeeeeaannnees 178
GENETAl DISCUSSION... ..o 179

Chapter 7: A Cognitive Test Battery to Assess General Intelligence in the Pigeon (Columba

LAY = TSRS 193
AADSTIACT ...ttt 193
INEFOAUCTION ...t b bttt e ettt bt nre s 193
IMIEBENIOM ...ttt bbb 203

SUDJECES ...ttt bbb 203

F N o] =L L (1 TP RUPRTPIN 204
PROCEUUIE ...ttt bbbt b bttt bt b b e bt n et b 204
DAL ANBIYSIS. ...ttt bbbttt e 209
RESUILS ..ttt bbbttt bbbt 210
INAIVIAUAl COGNITIVE TASKS. ... .eiuiitiiiiiiiiieie e 210
COgNITIVE TESE BALLEIY ....viiiieieiecie ettt e e st ae e re e re e e 212
DHSCUSSION ...tttk bbbt bbbt b ettt b et n e 215
Chapter 8: CONCIUSION.......cciiitiiie et et e s e steene e e sreeee s 229
RETEIENCES ...ttt bbb 234



List of Figures

Figure 1.1.
Figure 1.2
Figure 2.1.
Figure 2.2.
Figure 2.2.
Figure 2.4
Figure 2.5.
Figure 3.1
Figure 3.2
Figure 3.3
Figure 3.4
Figure 4.1
Figure 5.1
Figure 5.2
Figure 5.3
Figure 5.4
Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4

Figure 6.5

The relationship between g and cognitive abilities..........cccccevviiiiieniiiiniicieee 51
A cladogram of species given cognitive test batteries..........cccoovvveiviieinieennne 52
Example matrix displays for the relational rule learning task ...........cccccooereennene 76
Acquisition performance for the first rule learned ...........c.ccoovvieiciiniienee 77
Transfer session performance for the first rule learned..........c.ccoooeviiviienennnne 78
Acquisition data for the second rule learned. .............cccooiiiiiiiiicicie 79
Transfer session performance for the second rule learned ............cccccoeoveiveienee, 80
Stimuli in the symbolic match to sample task ..........c.ccceevevieiicie i, 100
Visualization of a trial in the symbolic match to sample..........cccooevveiiiciiennn, 101
Number of session to criteria in the symbolic match to sample ............cccceneeee. 102

Correlation between age and performance in the symbolic match to sample...... 103

First session performance on the serial reversal learning task..............ccccc.c....... 120
Visualization of a delayed match to sample trial............c.cccooovveiiiiiiiiiccccee, 144
Accuracy on the delayed match to sample at 3 points in training...........c.cc.cc.e. 145

Log transformed data for the delayed match to sample at 3 points in training.... 146

Performance on the delayed match based onage ..., 147
Visualization of a trial in the choice reaction time task ..........cccccevvvieriverernenne. 183
Performance in experiment 1 in the choice reaction time task...........ccc.cceevvuvnnee. 184
Performance in experiment 2 in the choice reaction time task...........ccc.ccecvvuennee. 186
Example of stimuli used in experiment 3 for the choice reaction time task.......... 188
Performance in experiment 3 in the choice reaction time task..............cccccceene.s 189



List of Tables

Table 1.1

Table 2.1.
Table 2.2.
Table 2.3.
Table 2.4.
Table 2.5.
Table 3.1.
Table 4.1.
Table 4.2.
Table 4.3.
Table 4.4.
Table 5.1.
Table 5.2.
Table 5.3.

Table 5.4.

Table 6.1

Table 6.2

Table 7.1.
Table 7.2.
Table 7.3.
Table 7.4.

Table 7.5.

Summary of cognitive test battery research in nonhuman animals. ..................... 53
Number of sessions excluded for the relational rule learning task ............ccccccc..... 81
Binomial results when the luminosity rule was learned first............c.ccocooiiviennnn 82
Binomial results when the size change rule was learned first...........cc.ccocoviinnnn 83
Binomial results when the size change was learned second............ccccoceviiiinnnne. 84
Binomial results when the luminosity rule was learned second .............c.ccccceenee. 85
Number of sessions to reach criterion in the symbolic match to sample.............. 104
Mean trials to reach criterion for a reversal in 4 avian Species ............ccccceeveenee. 121
Number of sessions to reach criterion for each reversal for each subject ........... 122
Correlation matrix for the initial discrimination and each reversal..................... 123
Number of trials needed to meet alternative criteria for reversal learning. ........ 124
Post hoc analyses of performance on the delayed match to sample..................... 148
Analysis of variance of performance on the delayed match to sample................. 149

Correlation matrix of accuracy performance on the delayed match to sample ... 151

Correlation matrix of log transformed data on the delayed match to sample...... 153

Number of errors in the choice reaction time task. .........c.ccooevvveieneienicnenenn 191
Results from the linear regression in the choice reaction time task. .................... 192
The number of tasks in the battery completed by each subject..............cccccceeiee. 224
Correlation matrix for the serial reversal learning task ............ccccoooveniiinnnnnne 225
Correlation matrix for the aggregate measures in the test battery ...................... 226
Correlation matrix for the individual measures in the test battery ...................... 227
Principal component analyses of the cognitive test battery...........cccccceevvevieinnns 228

Xi



ACKNOWLEDGEMENTS

This work is a culmination of many years of support in academic settings that fostered
my intellectual curiosity. | am deeply grateful that | was able to pursue my doctoral training at
the University of California, Los Angeles since the strong psychology department was
instrumental to the creation and execution of the tasks described within this dissertation. Within
the department | would first like to thank my advisor, Dr. Aaron Blaisdell, who has been
inspiring in terms of his breadth and depth of knowledge. He always provided an interesting
perspective and helped me become a more well-rounded researcher. | also appreciate the
freedom to pursue such an ambitious and far-reaching project, while providing enough guidance
to ensure it was conceptually sound. Having Dr. Blaisdell as my advisor has increased my clarity
as a writer and developed my independence as a researcher. | will always appreciate what | have

learned from him.

I would also like to thank my other committee members. Dr. Grisham’s perspective as a
comparative psychologist and neuroanatomist has been helpful in recognizing broader species
implications of behavior and the underlying neural circuits. | was also lucky enough to be his
teaching assistant one summer, and | was inspired by his commitment to teaching (both the
undergraduates and myself), ambition in his research projects within the lab setting, and overall
kindness. | always enjoyed the many conversations I’ve had with Dr. Grisham, no matter if it
was about research, his tales from graduate school, or small liberal arts colleges on the east coast.
Dr. Stigler and Dr. Castel have also been instrumental in crafting the final project of this
dissertation, providing a deeper knowledge of cognitive psychology and educational
interventions. Their comments during the final oral exam in particular, were an interesting

perspective that | would not have thought of on my own and would be unlikely to hear in animal

Xii



research circles. Dr. Schlinger for highlighting the importance of ecological relevance, in

addition to his patience with various, potential, collaborations.

Beyond my committee members, | have been fortunate enough to interact with other
faculty members, both within UCLA and from my undergraduate university. | appreciate Drs.
Alicia lzquierdo and Janet Tomiyama for creating and leading the professional development
course, which provided a safe and structure place to become a better mentor and create the
various documents necessary to apply to postdoctoral and faculty positions. Dr. Michael
Fanselow who’s graduate and undergraduate courses have greatly enhanced my understanding of
learning theory. Dr. Andrew Wickenheiser who kindly shared his experience as a new faculty
member and shows genuine interest in such a wide variety of research. From my undergraduate
university, I will be forever indebted to Drs. Vern Bingman and Vincent ‘Gino’ Coppola, who
introduced me to pigeon research. I never thought |1 would be interested in animal research, but
working with pigeons felt like being struck by lightning. I’'m grateful they saw my potential and

for their continued support.

At the administrative level, | appreciate the work of Lisa Lee, the graduate studies
coordinator who has provided so many friendly reminders to keep me on track to complete the
doctoral degree requirements. Cheryl Polfus and Diego Garcia, the instructional scheduling
coordinators who have always assigned me to classes that were within my area of expertise, but
that also expanded my own knowledge. Kevin Nguyen, who has built and repaired many of the
devices in our lad. Without these pieces of equipment, many of my experiments would have been
impossible to conduct. Numan Interiano for his incredible patience and understanding with
animal care protocols and training, in addition to the other animal care staff who maintained the

cages and were an extra set of eyes to maintain high standards of care. William Cage who has

Xiii



done an amazing job of transitioning into a new role of overseeing animal care in Franz. Luis
Alavarez and Hamid Zafarani, who ensured the pigeons had clean homes. The registered
veterinary technician, Denaya Brown who has been an absolute joy to interact with and key in

maintaining the health and wellbeing of the pigeons.

I have also been lucky with my fellow lab members and research assistants. Julia
Schroeder, who was the senior graduated student in the Blaisdell lab when 1 joined, was
absolutely vital in my training. Without her it would have been incredibly difficult to understand
the rodent operant chambers and UCLA requirements. In particular, | appreciate her coding
expertise that made it possible to conduct my first pigeon experiment that served as a cornerstone
for the doctoral research presented here. Bianca Landfield was also instrumental in helping me
with rodent experiments in my first years of graduate school, both in training and moral support.
Ben Seitz, who joined the lab my third year, but was so vital for bringing a fresh perspective and
finding open-source programs that have greatly expanded the lab’s potential. In addition, |
appreciate the comradery within the lab and when we TA’ed together. Jingxuan Guo, who has
been an incredible research assistant. Without her support and expertise, it would have been very
difficult to conduct the fine-grained analysis in the choice reaction time task. Anna MacFarlane
was another amazing research assistant who took on a large role in creating the program for the
simultaneous relational rule learning task. Finally, Valeria Gonzalez, now postdoc in the lab,
who is one of my favorite people. From research ideas, emotional support, and board games, |

cannot express how much our friendship has enhanced my life.

Outside of the lab, I am very lucky to have such supportive friends and family. Nina
Lichtenberg and Evan Hart, who demonstrated incredible work life balance (beach in the

morning, lab in the afternoon) and offer their hospitality whenever | am in Maryland. Garrett

Xiv



Blair, who is one of the kindest people I have ever met. Maureen Gray, who’s honesty and life
perspective deepened our relationship, but has also sharpened my own values. Beth Moroney,
who’s been equally supportive of runs and nachos. Marisol Lauffer, fellow pigeon enthusiast and
goth queen. Allison Burch, who makes me laugh till my cheeks hurt every time we talk on the
phone. Hannah Finlayson, a friendship that began a decade ago, who has always encouraged me
in my personal and professional life. My parents, Jenny and Mike Flaim, who have encouraged
and fostered my independence for my entire life. They have always made me feel like I can
accomplish anything | want, but always made having fun a priority too. I can’t imagine being
where | am today without their love and support. Finally, | would like to thank my partner, Mark
Coffin. He has been incredible and words are not enough to express the amount of love and

support he continues to show.

This research was supported by the University Fellowship and Graduate Summer
Research Mentorship Grant from University of California, Los Angeles graduate division. For
the work that has been previously published, I would like to thank my co-authors. Aaron
Blaisdell has been instrumental to the initial designs of these experiments and with editing the
manuscripts. Jingxuan Guo assisted with data processing and analysis for the choice reaction
time task described in chapter 6. Chapter 1 is a version of Flaim, M., & Blaisdell, A. P. (2020).
The comparative analysis of intelligence. Psychological Bulletin, 146(12), 1174, reprinted with

permission.

XV



VITA

Master of Arts in Psychology 2016
University of California — Los Angeles, Los Angeles, CA

Bachelor of Arts in Psychology with Minor in History 2014
Bowling Green State University, Bowling Green, OH

Publications

Flaim, M., & Blaisdell, A. P. (2020). The comparative analysis of intelligence. Psychological
Bulletin, 146(12), 1174.

Seitz, B. M., Flaim, M. E., & Blaisdell, A. P. (2020). Evidence That Novel Flavors
Unconditionally Suppress Weight Gain in the Absence of Flavor-Calorie Associations. Learning
& Behavior, 1-13.

Coppola, V. J., Kanyok, N., Schreiber, A. J., Flaim, M. E., & Bingman, V. P. (2016). Changes
in hippocampal volume and neuron number co-occur with memory decline in old homing
pigeons (Columba livia). Neurobiology of Learning and Memory, 131, 117-120.

Coppola, V. J., Flaim, M. E., Carney, S. N., & Bingman, V. P. (2015). An age-related deficit in
spatial-feature reference memory in homing pigeons (Columba livia). Behavioural Brain
Research, 280, 1-5.

Conference Presentations

Flaim, M., & Blaisdell, A. P., (2021) Pigeon (Columba livia) Performance on the Delayed
Match to Sample Task (DMTS) as a Function of Age. (Updated). Talk given at the 28™
International Conference on Comparative Cognition, Virtual

Guo, J., Flaim, M., & Blaisdell, A. P. (2021) Hicks’ Reaction Time Task Performance by
Pigeons. Talk given at the 28" International Conference on Comparative Cognition, Virtual

Flaim, M., & Blaisdell, A. P., (2018) The Comparative Analysis of Intelligence. Talk given at
the 18" International Society for Comparative Psychology, Los Angeles CA

Flaim, M., Cai, D. J., Silva, A. J., & Blaisdell, A. P. (2018) Causal Reasoning in Mice. Talk
given at the 25" International Conference on Comparative Cognition, Melbourne FL

Blaisdell, A.P., Seitz, B.M., Diaz, R., & Flaim, M.E. (2018). The Modified Law of Effect and the

Partial Reinforcement Extinction Effect. Talk given at the 25" International Conference on
Comparative Cognition. Melbourne, FL.

XVi



Seitz, B.M., Flaim, M.E., & Blaisdell, A.P (2018). Pavlovian Diet: Investigations on Flavor-
Calorie Associations and Their Role in Weight Gain and Food Consumption. Talk given at the
25 International Conference on Comparative Cognition. Melbourne, FL.

Flaim, M. E., Schroeder, J. E., Bye, J. K., Bedoyan, L., He, R., Tantiwuttipong, P., Cheng, P.
W., Blaisdell, A. P. (2016) Rats’ Knowledge that an Outcome is a Continuous Variable

Increases Their Use of an Additive Causal-Invariance Function in a Blocking Procedure. Talk
given at the 23™ International Conference on Comparative Cognition, Melbourne FL

Invited Talks

Avian and Mammalian Aging, Learning and Behavior Brown Bag, University of California — Los
Angeles, February 7, 2020

Development of a Raven’s Progressive Matrices to Examine General Intelligence in the Pigeon,
Columba livia, Learning and Behavior Brown Bag, University of California — Los Angeles,
February 3, 2017

Intelligence, Causal Reasoning, and Pavlovian Conditioning, Alumnus Talk, Bowling Green
State University, Bowling Green Ohio, August 9, 2016

Grants, Scholarships, and Fellowships

University of California, Los Angeles

Graduate Summer Research Mentorship Grant 2016, 2017

University Fellowship 2015-2016

Bowling Green State University, Main Campus

BGSU Success Scholarship 2010-2014
Honors

Graduated Magna Cum Laude 2014

Dean’s List College of Arts and Sciences 2010-2014

Xvii



Chapter 1: Introduction

Brief overview of g

Why do some people live longer, healthier lives, or obtain higher levels of education, or
gravitate towards more cognitively-demanding careers? What underlies individual differences in
reaction time, working memory, or learning? Many researchers have argued that individual
differences in intelligence underlie each of these, as it is the best, though not a perfect, predictor
of many of these (Brodnick & Ree, 1995; Conway et al., 2002; Deary et al., 2004; Gottfredson,
2002; Gottfredson & Deary, 2004; Jensen, 1998; Ree & Earles, 1992; Schmidt, 2011, 2014;
Sheppard & Vernon, 2008; but see Gutman & Schoon, 2013; Heckman et al., 2013 for the
importance of ‘non-cognitive’ factors and Ceci, 1991 on how schooling is a causal factor for
performance on intelligence measures). Intelligence is typically measured with a full-scale 1Q
(FSIQ) test. The FSIQ contains a battery of diverse tasks designed to assess different aspects of
cognition, including basic math skills, matrix reasoning, spatial reasoning, verbal
comprehension, and memory, though the specific content can vary across tests (Johnson et al.,
2004; Reynolds et al., 2013; Schrank & McGrew 2001), and concerns have been raised about
how often these tests reflect western education or culture (Ceci, 1991; Nisbett, 2009; Serpell,
2000; Wicherts et al., 2010). Capturing these individual differences across all these tasks with a
single metric may appear to overlook important factors. Perhaps a person is terrible at math, for
example, but has exceptional verbal comprehension. Nevertheless, for a large majority of people,
performance typically correlates across all tasks — despite their diversity (Carroll, 1993; Deary,

2000).

Charles Spearman (1904) was the first to report a uniform positive correlation among

diverse cognitive tasks in people and he called this the ‘positive manifold’. This finding has

1



continued to be replicated ever since (Carroll, 1993; Deary, 2000; Jensen, 1998). When these
positive correlational matrices are subjected to factor analysis, one factor that explains
approximately half of the variance in performance is extracted. It is called the g factor (Carroll,
1993; Jensen, 1998; Spearman, 1904). When tasks load onto a factor, it indicates how much
variance in that task can be explained by the factor. All cognitive tasks load in the appropriate
direction onto g, but not all tasks load equally (Nisbett, 2009; Reynolds et al., 2013; Weiss et al.,
2013). The tasks that show the highest loading onto this g factor involve reasoning, abstraction,
task complexity, and task novelty, irrespective of how the information is presented within the
tasks themselves (Ackerman & Cianciolo, 2000; Jensen, 1998; but see Ceci, 1996 for difficulties
determining how ‘abstract’ a problem is). Many researchers have described the g factor as
‘indifferent to the indicator’ because loading depends more on the complexity and abstraction of
the task rather than on a specific type of measure, or in this usage the ‘indicator’ (Jensen, 1998;
Spearman, 1904). This is why g is thought to reflect a general cognitive ability and has predictive

validity in a variety of contexts (Deary et al., 2004; Gottfredson, 2002).

While the g factor typically accounts for half of the variance in performance, it can
depend on the number, reliability, and familiarity of the tasks used, and the variation in the
sample tested (Ackerman & Cianciolo, 2000; Colom et al., 2002). All cognitive tasks measure g,
but they also measure narrower abilities and contain task-specific variance (Carroll, 1993;
Gustafsson, 2003; Jensen, 1998). The most accurate measures of g will be obtained with a
diverse test battery. Even with a diverse test battery, the intercorrelations or extracted factor can
be smaller than expected due to measurement (un)reliability and range restriction (Jensen, 1998;
Viswesvaran et al., 2014). Range restriction limits the amount of variability in the sample, but

the variability across subjects is exactly what factor analysis is attempting to explain (Jensen,



1998)! This lack of variability will lower the value of the extracted factor, but this is primarily
due to sample characteristics. Range restriction is a crucial factor when assessing g in small
samples with a small number of tasks. While a large and representative sample can help with
range restriction, the same cannot be said for the effects of measurement reliability. Moderate to
low task reliability (.5-.8) attenuates the subsequent correlations, which can impact later factor
analysis since more of the variance will be due to random error or transient factors unrelated to g
(Fan, 2003; Jensen, 1998). Some statistical methods (like structural equation modelling, SEM,
and confirmatory factor analysis, CFA) can account for this, but multiple regression does not,
increasing the likelihood of false positives (Westfall & Yarkoni, 2016). Nevertheless, many
studies have handled these challenges beautifully. The results from various large FSIQ tests
conducted with representative samples indicate that, even though the exact test content can vary,
the same g factor is extracted (Johnson et al., 2004; Reynolds et al., 2013; Schrank & McGrew
2001). The g factor is robust against different methods of analysis, populations, cultures, and test
batteries (Carroll, 1993, 2003; Chabris, 2007; Deary, 2000; Warne & Burningham, 2019; but see
Wicherts et al., 2010) and is relatively stable throughout the lifespan starting at 2 years old

(Deary et al., 2013; Gignac, 2014; Spinath et al., 2003).

While g can account for a large amount of cross-task variance in individual differences,
additional variance can be explained by group factors. Some tasks show stronger correlations
with each other, forming a subgroup. For example, in a test battery with three verbal measures
and three math measures, there is a stronger correlation within verbal measures and within math
measures than between both domains (Carroll, 1993; Jensen, 1998). Group factors are more
strongly affected by test battery composition (Cattell, 1987; Carroll, 2003; Johnson et al., 2004).

The most commonly found group factors include fluid intelligence (Gf), crystallized intelligence



(Gc), quantitative reasoning (Gq), visual processing (Gv), processing speed (Gs), and memory,
though the exact terminology can vary (Carroll, 1993; Cattell, 1987; Hakstian & Cattell 1978).
Most research has focused on Gf and Gc (Kvist & Gustafsson 2008; Nisbett, 2009; but see

Johnson & Bouchard, 2005).

Gf is the ability to solve novel and complex problems, in particular those that require
relational reasoning, and frequently use shapes and figures in the tasks as opposed to words. Gf
loads very highly, and sometimes perfectly, onto g (Benson et al., 2010; Bickley et al., 1995;
Carroll, 1993; Gustafsson, 1984; Kvist & Gustafsson 2008), though the strength of loading
depends on many factors, such as sample homogeneity, number of tests in the assessment, and
methods of analysis (Blair, 2006; Carroll, 2003; Kan et al., 2011; Thorsen et al., 2014). It is still
debated to what degree measures of Gf are dependent on school exposure and culture. Some
researchers argue that, because Gf tasks typically do not use language or memorized facts, this
means it relies less on prior knowledge or schooling, and thus should be viewed as culture free
(Cattell & Horn, 1978; Jensen, 1998; Kent, 2017). Other researchers have argued that the
increased emphasis on formal schooling and increase in visual stimuli in a given culture has
resulted in improvements in these tasks in subsequent generations, indicating that these tasks are
dependent on school and culture (Baker et al., 2015; Cahan & Noyman, 2001; Ceci, 1991,
Nisbett, 2009; Pietschnig & Voracek, 2015). This debate aside, since many measures of Gf do
not rely on language, they are an important target assessment for assessing g in nonhumans (see
below). While the ideal way to measure any construct is with a variety of measures, the Raven’s
Progressive Matrices (RPM) is a quintessential example of a Gf task (Carpenter et al., 1990;
Nisbett, 20009). The RPM is a series of partially completed matrices, where the participant is

tasked with selecting the choice option that will correctly complete the matrix from a set of



distractors (Raven, 1941). Each item in the matrix is transformed, sometimes in multiple ways,
across the rows and columns of the matrix. The participant must infer the underlying rules and
correctly apply them to find the correct answer (Raven, 1941, 2008). The test items progressively
increase in difficulty, with few people correctly answering the final questions (Carpenter et al.,
1990). Despite the strong visuo-spatial component, the RPM is used as a measure of reasoning

(Schweizer et al., 2007; but see Gignac, 2015; Stephenson & Halpern, 2013).

Gc reflects the ability to correctly use and apply learned knowledge (Kvist & Gustafsson
2008). Some researchers have emphasized the role of language and verbal storage, and rely
strongly on vocabulary measures to assess this ability (Ackerman & Cianciolo, 2000; Reynolds
& Turek, 2012; Rolfhus & Ackerman, 1999). When a more diverse battery is used, however, the
extent to which verbal comprehension overlaps with Gc has varied (Carroll, 2003; Kan et al.,
2011; Schipolowski et al., 2014). In humans, knowledge is typically gained and tested through
language, which could have led to the debate about what is the nature of Gc (Keith & Reynolds
2010; Schipolowski et al., 2014). Nevertheless, despite Gc being predominately measured
through language, language is not the only way to assess knowledge. As we discuss in more
detail later, non-language methods are needed to assess Gc in nonhuman animals. Researchers
that have utilized a more comprehensive test of knowledge to measure Gc have found that it
loads highly onto g and is a better predictor of academic and job performance compared to Gf,

particularly for older adults (Postlethwaite, 2011; Schmidt, 2014).

Despite these general issues with group factors, it has been consistently found that Gf and
Gc load highly onto the g factor and co-vary with each other (Carroll, 1993; Schipolowski et al.,
2014). One potential explanation for this co-variation is provided by investment theory (Kvist &

Gustafsson, 2008). Since Gf influences a person’s ability to understand or learn from novel
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problems, it is theorized that Gf is used when learning new information. As this information is
acquired, it then becomes Gc. The initial ability level, determined by Gf, will determine the
efficacy of this investment or learning when it is specifically directed according to interest,
leading to more specific knowledge gains, or during more passive exposure, leading to more

general gains (Cattell, 1987; Schmidt, 2011, 2014).

It is possible to discuss g at two different levels, as a statistical finding referred to as
psychometric g, and as a psychological construct. Psychometric g is not controversial (Blair,
2006; Carroll, 1993; Jensen, 1998). Positive correlations across diverse cognitive tasks are no
longer seen as surprising. Further, many researchers do not argue that a factor analysis will
produce one factor that can account for half of the variance (Conway & Kovacs, 2015; van der
Maas et al., 2006). The status of g as a psychological construct, however, is still heavily debated.
Despite the fact that g has been consistently reported in over a century’s worth of research, and
we know which tasks consistently load highly onto g, there remains no consensus as to what g
actually is (Carroll, 1993; Cattell, 1987; Chabris, 2007; Deary, 2000; Gottfredson, 2002;
Gustafsson, 1984, 2003; Jensen, 1998; Kovacs & Conway, 2016; van der Maas et al., 2006). g's
ontological status remains a mystery. The following is brief overview of many popular theories
of g today. Our aim is not to review an exhaustive list of all current theories of g, nor a nuanced
treatment of the theories that are discussed. Additionally, this paper is not an endorsement of any
particular theory of g. Rather, the goal of this paper is to provide a general background about
theories of intelligence for readers outside the expert community. Furthermore, we also do not
cover the vast literature on cognitive abilities in infants or the developmental aspects of general
intelligence. Again, this is because we ultimately are interested in discussing tests of g in adult

nonhuman animals. Undoubtedly, once such tests can be reliably developed, they should allow



for the investigation of how developmental processes contribute to g in nonhuman animals, but
such a discussion would be premature now. For excellent empirical research and theories on the
development of g, see Blaga et al. (2009); Bornstein et al. (2006); Coyle et al. (2011); Demetriou

et al. (2018); Fagan et al. (2007); Rose et al. (2008); and Spinath et al. (2003).

One proposal is that g is a single entity that is related to a wide variety of cognitive
abilities because it causes differences between individuals in those abilities (Brown et al., 2006;
Carroll, 1993; Gustafsson, 1984; 2003; Schmidt, 2011; 2014; 2017 right panel of Figure 1). Even
though this perspective purports g as a single entity, it does not necessarily reflect one physical
structure or psychological process (Jensen, 1998). In attempting to identify the physical
substrates of g, a variety of results have been found including relevant genes (Plomin & von
Stumm, 2018), neural networks (Duncan et al., 2000), neural substrates (Schmitt et al., 2020),
and developmental processes (Garlick, 2002). It is unlikely that any one of these alone is
responsible for g and more likely that there is a dynamic interaction between all of these physical
substrates and with the environment (Ceci, 1991; Chabris, 2007; Garlick, 2002; Jensen, 1998;
Kan et al., 2013; Schmitt et al., 2020; van der Maas et al., 2006). Indeed, some researchers argue
that schooling has robust and potentially causal effects on the physical substrates that could
underlie g (Baker et al., 2015). At the psychological construct level, other researchers theorize
that elementary cognitive process underlie g, meaning that differences in one or more of these
basic abilities is predominately the reason behind differences in g (Gignac, 2014; Jensen, 1998, p
260). Working memory (WM), short-term memory (STM), processing speed, associative
learning, and response inhibition have all been proposed as components of g (Conway et al.,
2002; Deary, 2000; Dempster, 1991; Jensen, 1998; Kaufman et al., 2009; Sheppard & Vernon,

2008; left panel of Figure 1).



Other researchers argue that g is actually a statistical artifact. These theories state that
more complex tasks (which are more g loaded) require a broader array of independent resources.
Even though these processes are independent, the nature of the tasks creates a correlation
(Bartholomew et al., 2009; Kovacs & Conway, 2016) or that the developmental trajectory creates
mutually beneficial interactions between independent abilities (Rose et al., 2008; van der Maas et
al., 2006). In the next section, we review the relationship between g and the cognitive
mechanisms listed earlier to investigate this issue. These cognitive mechanisms were
investigated because of the rich literature that is available to review and because the potential

role they play when investigating g across species.

Related Cognitive Factors

Working Memory

WM describes the ability to hold a limited amount of information over the short term
(seconds to minutes). What differentiates WM from STM is that WM involves manipulating the
stored information or engaging in a secondary task while the to-be-recalled information is held in
memory (Baddeley 2003; Conway et al., 2002). For example, STM might involve holding in
memory a list of items until their recall is requested, while WM would involve performing
mathematical operations, counting, or some other transformation while encoding a list of to be
recalled items. Some common WM tasks are the complex span task, n-back task (Au et al., 2015;

Shelton et al., 2010), and reverse span task (Oberauer et al., 2000).

In the complex span task, there is a competing demand that is interspersed between to-be-
remembered items (Conway et al., 2002; Engle et al., 1999). For example, in the operation span

task, participants must verify if the solution to a given equation is correct or incorrect, before



being presented with the to-be-recalled word, letter, or number (Conway et al., 2002). Different
variations of the complex span task include verifying if a sentence is logical or counting the
number of squares before being presented with the to-be-remembered items. The degree of
interference between the interleaved task and the items for recall can vary by changing the
similarity between them. Some experiments found worse recall performance when the
interleaved task and the to-be remembered item are highly similar, for example both involve
words or visuospatial judgements (Jarrold et al., 2011; Shah & Miyake, 1996), but this is not
consistently found across all item types (Bayliss et al., 2003). Performance on these different
span tasks are correlated, but the correlation is different from unity (Bayliss et al., 2003; Conway
et al., 2002). It is possible that this is partially due to measurement error, but an exploratory
factor analysis extracted three factors, which they interpreted to be verbal storage, visuospatial
storage, and a general processing factor (Bayliss et al., 2003). This indicates that each span task
captures more specific and general properties of WM, which is consistent with theoretical

conceptions (Baddeley, 2003).

In the n-back task, participants are presented with a continuous stream of items. As each
item is presented, the participant must decide whether it matches an item presented n trials ago,
with the range typically extending from 0-3 (Jaeggi et al., 2008). For example, in the stream:
fish, peanut, cup, fish, pipe, dog, dog, car, phone, car; a response would be required to the second
presentation of ‘dog’ in a 1-back task, ‘car’ in a 2-back task, and ‘fish’ in a 3-back task.
Generally, the larger the n, the more difficult the task. Thus, participants must continuously
update the items in their WM, while simultaneously comparing each current item to the

appropriate item n-back.



In the reverse-span task, participants are presented with a series of letters or numbers, and
then they must repeat them in reverse order. This means that participants are simultaneously
holding and transposing the information so that it can be presented in reverse order (Jensen,

1998; Oberauer et al., 2000).

Performance on these WM tasks is correlated with measures of g, but the reason for this
correlation is not well understood. Some researchers have shown that WM training improves
performance on WM and highly g-loaded tasks, indicating that WM is a subcomponent of g
(Jaeggi et al., 2008; Schmiedek et al., 2010). Others argue, however, that these improvements are
hollow — that is, they stem from non-g factors, like test familiarity or strategy adjustments during
test battery completion (Colom et al., 2002; Colom et al., 2013; Estrada et al., 2015).
Additionally, not all researchers have shown WM-training effects on g (Chooi & Thompson,
2012; Harrison et al., 2013; Redick et al., 2013). These mixed effects could mean that WM is
used during these g loaded tasks in holding necessary information, but the ability to correctly
identify which information is necessary is unique to g. Being able to hold more information or
handle competing demands more effectively does not necessarily indicate an improved ability for
abstract reasoning. This dissociation between WM and abstract reasoning could indicate that
there is a causal relationship between WM and g, but that differences in g cause differences in
WM, not the other way around. Theoretically, from this perspective an increase in g should result
in an increase in WM performance as well. Alternatively, there could be another, more general
factor that underlies the efficacy of WM and g-loaded tasks. Training on WM that fails to
improve this underlying factor should result in little impact for performance on g loaded
measures. Finally, WM and g could be independent cognitive abilities and the reason for the

correlation is due to task impurity.
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The diversity of tasks used to measure WM obstructs determining the relationship
between g and WM. Each type of WM task places different demands on WM, and thus they may
not all be measuring the same construct (Aben et al., 2012). Supporting this is the fact that these
tasks do not always strongly correlate with each other (Au et al., 2015; Jaeggi et al., 2008; Kane
et al., 2007; but see Schmiedek et al., 2014; Wilhelm et al., 2013). Furthermore, WM tasks
sometimes strongly correlate with STM measures (Aben et al., 2012; Colom et al., 2008;
Conway et al., 2005; St Clair-Thompson, 2010; Figure 1), further obscuring relationships
between tasks and the underlying constructs they purportedly measure. Likewise, WM is not
necessarily a unitary construct, but may itself consist of separate processes, such as attention
(Baddeley, 2003), processing speed (Unsworth et al., 2009), and STM capacity (Conway et al.,
2003), among others (Kovacs & Conway, 2016; Schmiedek et al., 2014; Wilhelm et al., 2013).
Support for the relationship between g and these other processes have all been reported
(Chuderski et al., 2012; Conway et al., 2003; Unsworth et al., 2009; Figure 1). Thus, it is
possible that different WM tasks differentially tap into these alternative processes (or

subcomponents).

Short-Term Memory

STM is the ability to hold information over a delay period, without an explicit competing
task or manipulation requirement (Unsworth & Engle, 2007). The information being held in
STM is subject to capacity limits and decay over time (Cowan, 2008). Performance on WM and
STM tasks tends to be correlated, likely because both involve the short-term retention of
information (Aben et al., 2012; Colom et al., 2008; Conway et al., 2002; Figure 1). STM and
WM are not dichotomous constructs; rather, tasks fall on a continuum depending on how

demanding is the secondary task (Aben et al., 2012; Engle et al., 1999). For example, requiring
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participants to repeat a letter, preventing them from verbally rehearsing the to-be-remembered
items, is still considered a STM task since the secondary task is of low difficulty (Conway et al.,
2002; Engle et al., 1999). Nevertheless, as discussed above, WM does have some unique
properties (Conway et al., 2002; Cowan, 2008). Some researchers have found that STM alone is
related to g using SEM and CFA (Colom et al., 2008; Martinez et al., 2011; Figure 1). Yet others
have failed to find a unique relationship between STM and g using SEM, but these utilized
different construct measures (Conway et al., 2002). Given these challenges, researchers tend to

focus on WM when investigating the relationship between STM processes and g.

Processing Speed

The term “processing speed” is used to describe a variety of tasks that can vary in
complexity and memory demands (Deary, 2000). These tasks typically assess how quickly a
participant can detect a change in the environment, perceive the difference between two stimuli,
or transform stimuli. Some tasks that require detecting a change in the environment are based off
of Hick’s law, that reaction time (RT) will increase linearly with increases in information a task
requires (Hick, 1952). The Jensen box is an example of an apparatus that utilizes the principal of
Hick’s Law (Deary, 2000; Jensen & Munro, 1979). The Jensen box consists of a home key and
1, 2, 4, 6, or 8 stimuli placed equidistant from the home key in a semi-circular arrangement.
Participants must keep their finger resting on the home key until one of the stimuli in the array
changes (e.g., color or brightness). Participants are instructed to touch the changed stimulus as
quickly as possible (Deary et al., 2001; Jensen, 1982; Vickrey & Neuringer, 2000). Even at its
most simple, when the array only has one stimulus, there is still a relationship between RT and
intelligence, with the correlation ranging between -.18 to -.22 (Deary, 2000; Doebler &

Scheffler, 2016; Sheppard & Vernon, 2008). Another processing speed task is the digit-symbol
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substitution task (Conway et al., 2002; Hoyer et al., 2004). In this task, participants are given a
conversion table of digits and a corresponding symbol. The symbols are usually simple shapes or
a series of connected lines that do not resemble letters. Participants must complete a table of
numbers with the appropriate corresponding symbol, or they are shown various digit-symbol
pairs and must determine if the pairs are valid or invalid according to the conversion table as
quickly and accurately as possible (Conway et al., 2002; Hoyer et al., 2004). The conversion
table is always present, so this task does not rely on memory processes. This task is commonly
included in FSIQ tests (Benson et al., 2010). Even though processing-speed tasks appear simple,
they show a consistent, modest relationship to g, with correlations typically ranging from -.22- to
-4, such that faster or shorter RTs correlate with higher scores on intelligence tests (Deary, 2000;
Doebler & Scheffler, 2016; Sheppard & Vernon, 2008; Vernon, 1983; Figure 1). These two tasks
are a very select subset of all the different processing speed tasks that are used (Deary, 2000;

Sheppard & Vernon, 2008).

Why processing speed shows a consistent relationship with g is not well understood
(Deary, 2000). There is some evidence that processing speed influences how quickly a
competing task can be performed in WM tasks (Conway et al., 2002; Unsworth et al., 2009;
Figure 1). Therefore, processing speed may only be related to g because it influences WM. When
WM tasks are also included, processing speed is no longer directly related to g (Conway et al.,
2002). It is also possible that processing speed, WM, and g rely on the same underlying
mechanism or process. There are a large variety of processing speed tasks, however, so it is
unclear if these different tasks measure the same underlying construct (Stankov & Roberts,
1997). Tasks used to show a relationship between processing speed and g differ greatly from

those used to study how processing speed influences WM (Colom et al., 2008; Conway et al.,
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2002; Deary, 2000; Stankov & Roberts, 1997). Thus, it is difficult to determine if processing

speed and WM show the same relationship across all of these tasks.

Response Inhibition

Some researchers have suggested that response inhibition is a crucial factor underlying
differences in intelligence (Dempster, 1991). Response inhibition is the ability to suppress
unwanted motor responses or thoughts and can be measured with anti-saccade, Stroop, Go/No-go
(GNG), and stop signal tasks (Friedman et al., 2006; Swick et al., 2011; Verbruggen et al., 2014).
A reversal learning task is also used to a lesser degree to measure inhibition (Eagle et al., 2008;
Izquierdo & Jenstch, 2012). In the anti-saccade task, participants must avoid moving their eyes
towards a target and instead they must move their eyes in the opposite direction (Klein et al.,
2010). In the Stroop task, participants must read the ink color of a word out loud, even when it
conflicts with the word’s meaning (i.e. the word “red” printed in yellow ink; Stroop, 1935). In
the GNG and stop signal tasks, participants must make a motor response when they see one type
of stimulus and withhold the motor response when they see or hear other types of stimuli. For the
GNG task, participants receive successive presentations of two stimuli intermingled within the
session. Responses to the positive discriminative stimulus (S+) are rewarded while responses to
the negative discriminative stimulus (S-) are not rewarded. Initially participants typically make
responses to both stimuli, but with further training learn to inhibit responses to the S-. The stop-
signal task is similar to a GNG task. On some trials, only the S+ is presented, and participants are
rewarded for responding to the S+. Occasionally a trial will initially present the S+, and after a
short delay the S- is also presented. The participant is instructed to withhold responses when the
S- is presented. Thus, the stop-signal task measures the ability of the participant to suppress

behavior in the midst of preparing or making a response. (Swick et al., 2011; Verbruggen et al.,
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2014). Finally, in the reversal-learning procedure, the first phase consists of a GNG procedure in
which participants learn that one cue (S+) is associated with a reward, while the other is not (S-;
note, the S+ and S- may be presented simultaneously rather than successively). Once
discrimination performance stabilizes, the stimulus-outcome assignments are reversed (Eagle et
al., 2008; lzquierdo & Jenstch, 2012). For example, after learning to respond to a blue circle (S+)
and withhold responding to a yellow circle (S-), the blue circle becomes the S- and the yellow
circle becomes the S+. Response inhibition influences how quickly the participant can inhibit the

original learned responses, and replace them with new responses.

For reversal learning, no significant relationship has been found between intelligence and
the number of trials needed to reverse the initial discrimination in children (Plendleith, 1956) or
adults (Stevenson & Zigler, 1957). Using the anti-saccade task, the total number of errors
(Friedman et al., 2006) and the errors with a regular latency (Klein et al., 2010) showed a modest
correlation with intelligence. A similar result was found with the GNG (Horn et al., 2003) and
the stop-signal tasks (Friedman et al., 2006). The Stroop task had low (Friedman et al., 2006) to
nonsignificant (Polderman et al., 2009) correlations with measures of intelligence. When
intelligence was broken down into Gf and Gc, only the anti-saccade task had a significant
correlation with Gf, ranging from .19-.23, while the stop signal and Stroop task were not
significantly correlated, with a correlation ranging from .03-.12. For Gc the correlations for these
three inhibitory tasks were low, .12-.19, though 4 out of 6 were significant (Friedman et al.,
2006). These three tasks loaded significantly onto the same ‘inhibition’ factor, but SEM showed
that it did not explain any unique variance for Gf or G¢c when other cognitive abilities were in the
model (Friedman et al., 2006; Figure 1). This indicates that the modest correlations were the

result of task impurity. Inhibition was not the cause of the correlations, but a correlation was

15



found because of the other cognitive factors that were also being used, potentially WM. Yet it is
not possible to draw a strong conclusion about the relationship between inhibition and g due to

relatively small amount of research that has been conducted.

Associative Learning

Associative learning is the ability to mentally link or associate specific stimuli together.
One measure of associative learning is a simple discrimination task, where the participant must
select between two stimuli. One of the stimuli is paired with a reward while the other stimulus is
not. Selecting the rewarded stimulus does not seem to be related to intelligence in children or
adults, but this is underexplored (Plenderleith, 1956; Stevenson & Zigler, 1957). The paired
associates task and the three-term contingency task, however, show a more promising
relationship with intelligence. In the paired associates task, participants are told to remember
pairs of unrelated one-syllable words. During training, participants see the first word of the pair,
then press a key to reveal the second word. A test usually follows immediately after the training
phase, where the first word of the pair is given and the participant must type the second word
(Alexander & Smales, 1997). A variation on this is the three-term contingency task. During
training, one word serves as the stimulus and there are three response keys. When the participant
presses the response key, a word is revealed. At test, the participant is shown the stimulus word
and must type the correct word for each response key (Williams & Pearlberg, 2006). The paired
associates and three-term contingency tasks are significantly correlated with each other, .43-.64,
and with g, .31-.52 (Alexander & Smales, 1997; Kaufman et al., 2009; Tamez et al., 2008;
Williams & Pearlberg, 2006). The paired associates and three-term contingency tasks are not
pure measures of associative learning considering how much information needs to be stored and

retrieved, which clearly relies on memory processes. As discussed earlier, WM and possibly
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STM are related to g. Nevertheless, it has been found using SEM that associative learning tasks
are uniquely related to g independent of the memory and retrieval requirements (Kaufman et al.,
2009; Figure 1). This suggests that associative learning is another potential underlying cognitive

mechanism of g, but the task needs to be difficult or complex to reveal such a relationship.

Related Cognitive Factors - Summary

Four of the cognitive mechanisms discussed, WM, STM, processing speed, and
associative learning are all related to g to varying degrees (Figure 1). Why these factors are
related is still being explored, and the relative importance of each factor is debated. The
relationship between response inhibition and g is underexplored, but so far response inhibition
does not seem to be related to g in any significant way. This is difficult to understand in the
context of the relationship g has with task complexity since some measures of inhibition, like the
Stroop task, appear more complicated than measures of processing speed, yet processing speed
has consistent correlations with intelligence (Deary, 2000). Recently, how much unique variance
processing speed can explain was called into question (Conway et al., 2002), but the consistency
of the correlation is undeniable. Nevertheless, merely knowing which cognitive mechanisms are
related to g does not provide much insight into what, exactly, g actually is. We know how to
measure g and its validity as a predictor of many life outcomes, but over one hundred years of
research has yet to elucidate its exact nature. Investigating g and its psychological correlates in
nonhuman animals (the focus of the next part of our review) would open up new avenues of
research into the biological and empirical nature of g, and perhaps break through the current

impasse in human research on the subject.
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g in Nonhuman Animals

The g factor has been found consistently in human samples with a variety of measures,
but what about other species? Finding a g factor in nonhuman animals would enable the study of
many important questions about g, such as its evolutionary origins, its effects on biological
fitness, and questions about mechanism that are challenging or even impossible to study in
humans, such as the role of genes, its neural underpinnings, and environmental determinants
during development. Useful animal models for studying g would allow the latest tools to be
applied, such as optogenetics, chemogenetics, other gene-modification techniques (e.g.,
CRISPR), powerful control of the individual’s environment from conception to adulthood, and
other forms of neural manipulation. Application of these tools would allow for unprecedented
insights into the causal role of genetic, neural, and environmental factors in g and intelligence.
These insights could, in turn, provide translational significance to understanding g in humans.
Working with animals, either in a lab or other setting, it is easy to see individual differences in
task performance, but it is not clear if these differences would be consistent across a variety of

tasks, like what we see in humans with the g factor (Macphail, 1987).

Research on nonhuman animals has shown they are capable of extraordinary cognitive
feats, like tool use in New Caledonian crows (Auersperg et al., 2011), the range of abilities
demonstrated by Alex the African Gray parrot (Pepperberg, 2018), and many more than what can
be listed here. While impressive in their own right, extraordinary performance by particular
species, be it in a single, specialized task (e.g., the spatial memory of the Clark’s nutcracker
(Balda & Kamil, 1992), or tool use by the New Caledonian Crow), or by only a few subjects
across many tasks (e.g., by the African Gray parrot; the Bottlenose dolphin (Herman, 2010))

does not provide insights into psychometric g that would be provided by consistent performances

18



across many tasks whereby stable individual differences replicate key aspects of psychometric g
in humans (Macphail, 1987). These exceptional animals cannot be meaningfully discussed in a
review about g since they have not been given test batteries designed to determine cross-task
consistency in performance. The purpose of exploring the potential for psychometric g in other
species is not to rank species in their intelligence. Rather, developing test batteries that can be
applied across species can help illuminate the conditions under which cognitive abilities will
show a pattern of positive correlations. Thus, an animal model for measuring g would open up
new avenues of research into the environmental and neural contributions to psychometric g,

which can inform on theories of the causes for the correlations that determine g.

To meaningfully relate task performance to g in nonhuman animals requires reliable
measures of performance in standardized behavioral tasks. Recently, researchers have been
investigating individual differences in cognition in nonhuman primates, mice, and birds using
test batteries (Burkart et al., 2017; Shaw & Schmelz, 2017). Some of these test batteries,
however, are inadequate. Some suffer from including too few tasks (Anderson, 1993), or the
included tasks lack sufficient variety to derive meaningful individual differences (Locurto &
Scanlon, 1998). Other batteries include tasks that are ill-defined, and therefore obscure the
underlying constructs (Keagy et al., 2011). Finally, some test batteries do not adequately control
for the way in which a particular species interacts with their environment, or non-cognitive
differences between species, such as motivation (Bitterman, 1965; Macphail, 1987). For
example, it may be difficult for a subject to use a tool with their beak when the tool was designed
to be used with a hand (Krasheninnikova et al., 2019). Thus, while many studies of g in animals
have found positive correlations across tasks, these deficiencies make it difficult to relate these

studies to the general cognitive ability found in humans.
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Nevertheless, some test batteries used in nonhuman animal research have enabled
assessment of the underlying cognitive abilities (Table 1). We focus the remainder of this review
on these stronger test batteries which provide evidence for a general factor of intelligence. This
necessarily restricts our discussion to species for which sufficiently strong data are available. As
a reminder, we are also not focusing on species differences in intelligence, but rather individual
differences in psychometric g for various species. Thus, relatively smart species, such as crows,
parrots, and dolphins, are not included, while cognitively humble species, such as mice, are. It is
beside the point whether parrots are deemed smarter than pigeons, or that apes are smarter than
mice, as we are not concerned with ranking species intelligence against each other, but rather
finding in nonhuman populations, similar individual differences as have been consistently found
between individual people. Indeed, even demonstrations of differences in cognitive prowess of
various species are not sufficient evidence for true species differences in general cognitive
abilities (Burkart et al., 2017; Macphail, 1987). Until these species are given a diverse battery of
tests, it is impossible to comment on the consistency of performance across tasks, which is at the

center of g in research on humans.

Using appropriate test batteries, evidence for correlations within subject have been found
in chimpanzees (Hopkins et al., 2014; Woodley of Menie et al., 2015), cotton-top tamarin
monkeys (Banerjee et al., 2009), rhesus macaques (Herndon et al., 1997), orangutans (Damerius
et al., 2018), mice (Galsworthy et al., 2002, 2005; Kolata et al., 2005, 2007; Matzel et al., 2003,
2006), robins (Shaw et al., 2015), bowerbirds (Isden et al., 2013), and magpies (Ashton et al.,
2018). The general factor found in these studies can explain from 18 to 64% of the variance in
individual performance. Performance has been related to WM (Kolata et al., 2005) and is stable

over long periods of time (Ashton et al., 2018; Hopkins et al., 2014). Despite this, these test
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batteries sometimes fail to extract a general factor, such as studies in chimpanzees (Herrmann et
al., 2007, 2010), mice (Locurto et al., 2003, 2006), and song sparrows (Anderson et al., 2017,
Boogert et al., 2011). We next explore why evidence for a g-like factor in nonhuman species is
not as reliable as in the human literature. We also discuss the value of g in nonhuman species in

predicting fitness related outcomes.

Nonhuman Primates

Herrmann et al. (2007) developed the primate cognitive test battery (PCTB) to assess
performance across human children (age 2.5 years) and adult nonhuman primates. The PCTB
includes 15 tasks from social and physical cognitive domains, such as the understanding of
physical objects, social cues, and causal relationships (Table 1). This test battery was specifically
created in order to test different evolutionary theories on why humans seem to show more
advanced cognitive abilities compared to nonhuman primates which is why tests of social
abilities are included (Herrmann et al., 2007). Approximately the same test battery was given to
children, chimpanzees, and orangutans, but the analyses conducted did not allow for the
examination of how individuals performed across all tasks. A follow up paper examined the
results from the children and chimpanzees in order to determine the structure of these cognitive
abilities (Herrmann et al., 2010). Using CFA, for children they found evidence for three factors,
physical, social, and spatial, which is surprising considering other research has shown evidence
for a general factor for children in this age range (Spinath et al., 2003). For chimpanzees, they
found evidence for two factors, spatial and physical-social that account for individual differences
in performance. While the initial research indicated there may be a relationship in chimpanzees
between boldness and performance on the physical tasks, where bolder chimpanzees had better

performance (Herrmann et al., 2007), this relationship was not further elaborated (Herrmann et
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al., 2010). The lack of a g factor for either species is surprising, though this could be due to a
number of factors, particularly when examining the results for the chimpanzees. The authors
acknowledge that their test battery contains a much higher proportion of social tasks compared to
what is typically found in the literature (Spinath et al., 2003). They also acknowledge that a
number of their test items had low variabilities, though they do not specifically state which tasks
(p. 108). Finally, the reliabilities of the tasks for the chimpanzee sample ranged from .05-.66,
which as discussed earlier, can weaken subsequent correlations. It is not entirely clear how or if

this was controlled for in their subsequent analyses.

Another group of researchers used a modified version of the PCTB and found evidence of
a g factor in chimpanzees using principal component analysis (PCA) that was stable across 2
years and was heritable, consistent to what is seen with humans (Hopkins et al., 2014). However,
it is unclear how much variance in performance is explained by this g like factor in chimpanzees
or if the modified version of the PCTB changed the task reliabilities. Additionally, while age and
sex were collected as potentially confounding variables, it is not clear if any personality
measures, like boldness, were taken. Using the same data set, a follow up study used different
statistical techniques and confirmed both the presence of a single factor and its heritability, but it
is still unclear how much variance is explained by this factor (Woodley of Menie et al., 2015). In
an attempt to resolve the discrepancy in results, a reanalysis combined both data sets (Kaufman
et al., 2019). Using CFA, they found evidence for a g factor and group factors for chimpanzees
and children, however, the exact structure of these factors was different between the two species.
Additionally, it was unclear how much variance in performance was explained by g. For

chimpanzees, they confirmed that this was relatively stable over time, though performance
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tended to improve during the second test. They reported that the stability coefficient for the

PCTB was .5 compared to .96 for FSIQ tests given to children.

Evidence of g has also been found in cotton-top tamarins and orangutans using different
test batteries for each (Banerjee et al., 2009; Damerius et al., 2018). The tamarins were tested on
11 tasks, including social tracking, reaching, and reversal learning (Banerjee et al., 2009).
Participation in all tasks was voluntary. Data were collected in the form of ranks and Bayesian
latent variable analysis was used. Using this method, they found evidence for a g factor, but no
evidence for distinct group factors. They acknowledge, however, that the lack of group factors
could have been due to low levels of reliability for some of the tasks. The orangutans were tested
on five tasks, including response inhibition, causal reasoning, and reversal learning, all showing
high levels of variability (Damerius et al., 2018). Using PCA, one factor was extracted that
explained 31.28% of the variance in performance and all tasks loaded onto this factor, similar to
what is seen in humans. While this research was conducted with orangutans at rehabilitation
centers, there was variation in how much of their development occurred in the rehabilitation
center versus the wild, which was related to differences in noncognitive factors. For nonwild

subjects, there was a positive relationship between curiosity and g.

Rhesus macaques have also been given a test battery that included 6 tasks, including
delayed nonmatch to sample (DNMS) and reversal learning, but the goal of this study was to
determine if there were age related cognitive declines in this species (Herndon et al., 1997).
Using PCA, the first component extracted accounted for 48% of the overall variance, but was
significantly negatively correlated with age, indicating that older subjects performed worse on all
tasks. While g is stable across individuals over time in human populations, there is evidence for

age related declines in cognitive abilities, and that these declines are independent of g (Gow et
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al., 2011). The relationship between g and age-related cognitive decline is complicated and
outside of the scope of this review article, but the research by Herndon et al. (1997) indicates that

it is likely that rhesus macaques have a g like factor.

One of the key differences from human research in test batteries for nonhuman primates
and other species is the inclusion of social tasks (Banerjee et al., 2009; Herrmann et al., 2010;
Hopkins et al., 2014; Table 1.1). In human research, intelligence and social ability appear to be
separable domains and dissociable. People can show an impairment in social ability while
performing normally on I1Q tests, and vice versa (Adolphs, 1999). When humans with intact and
normal brain functioning were tested on both measures of g and social knowledge, the
correlation between the two measures was quite low (Derksen et al., 2002). Nevertheless, this
low correlation could also result from comparing the subjective self-report measure of social
knowledge to the more objectively measured g (Derksen et al., 2002). Studies with human
children and adolescents indicate that general intelligence and ‘Theory of Mind’, or the ability to
understand the mental state of another, are independent (Cavojova et al., 2013; Rajkumar et al.,
2008), but these populations are older than the participants tested by Herrmann et al. (2007,
2010). For nonhuman primates, inclusion of 6 social tasks in the PCTB also failed to find a g
factor (Hermann et al., 2010). Others suggest, based on reanalysis of these data, that these social
tasks could be equivalent to Gc, the cultural-knowledge group factor seen in humans (Kaufman
et al., 2019). This suggestion is premature, however, given that the operational definition and
assessment of Gc in humans varies widely across labs (Kan et al., 2011; Keith & Reynolds 2010;
Schipolowski et al., 2014). The relationship between social ability, cultural knowledge, and
general cognitive abilities should be tested more thoroughly in humans throughout the lifespan in

order to better establish their relationship.
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Mice

The cognitive abilities for mice have been heavily explored by Locurto, Galsworthy, and
Matzel (Table 1.1). Test batteries typically include measures of WM, associative fear learning,
olfactory discrimination, and spatial memory, though the content and quantity of tasks varies.
Unlike primate test batteries, mouse batteries frequently include measures of anxiety and overall
activity levels, likely because these emotional responses are frequently studied in mice,
especially in connection to fear learning and drug effects. Across a series of experiments,
Locurto et al. (2003; 2006) devised cognitive test batteries for mice consisting of a visual
nonmatch to sample (NMTYS) task, spatial NMTS, spatial learning (Hebb-Williams Maze), detour
problems, WM, place learning, olfactory learning and discrimination, fear conditioning, and
operant acquisition. Briefly, the WM tasks have been a 4 (2006) or 8-arm radial maze and a
variation of the radial maze task called the 4x4 task (2003). In the radial arm maze, there is a
central platform with n enclosed arms radiating from it. Each arm contains a food reward and the
subject is allowed to freely sample any arm at any time. Subjects entering an arm and failing to
obtain the reward or entering an arm again after already obtaining the food reward were counted
as WM errors. The 4x4 task also took place in the 8-arm radial maze. In the first phase, four of
the arms contained a food reward, while the other four were blocked off. Once the animal had
sampled all of the rewards, they were removed from the maze for 30 seconds. In the second
phase, all of the arms were open, but only the four previously blocked arms were baited.
Entering arms that had been rewarded in the first phase, entering the same arm twice in the
second phase, and entering an arm for the first time, but failing to obtain the food reward were all
counted as errors. The control procedures measured activity levels on land and in water in an

open field chamber, and a light-dark preference test. The number of transitions in the light-dark
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chamber and the distance travelled in the open chamber was termed activity. The time spent next
to the wall in the open field chamber negatively correlated with the number of center crosses in
the open field chamber. Together they were counted as an anxiety measure. The same control

procedures were used with all cognitive test batteries (Locurto et al., 2003; 2006).

For the research conducted in 2003, the subjects were trained on the cognitive tasks until
their performance reached asymptote. Multiple dependent measures were taken from each task
and an aggregate score was used in the analysis, which had a reliability of .88. The average
correlation between the cognitive tasks, however, was .12. When the correlational matrix of
cognitive tasks and control measures was subjected to PCA, multiple independent factors were
extracted (Locurto et al., 2003). In the follow up study of 2006, subjects were given fewer trials
on the cognitive tasks, and only one dependent measure was used in subsequent analyses. This
reduced reliability to .54 in Experiment 1 and .58 in Experiment 2. The average correlations
between the learning tasks for these experiments were -.03 and .15, respectively. The authors
state, “The relatively low reliabilities in the present study contributed to the relatively low
average correlations observed,” yet it does not appear as though these correlations were corrected
for measurement unreliability (Locurto et al., 2006 p 382). PCA, including the control measures,

revealed a similar result, where multiple independent factors were extracted.

Other researchers have not had similar results, even when using the some of the same
tasks. Galsworthy and colleagues have also tested mice on a diverse battery of cognitive tests,
but have found evidence for g. In 2002, Galsworthy et al., tested mice with two measures of
spatial learning (Hebb-Williams and Morris Water Maze), spontaneous alternation in a T-shaped
maze, a detour task, contextual memory, and a problem-solving task. Multiple dependent

measures were used in the correlational matrix for some of these tasks. The reliabilities of these
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tasks ranged from .68-.84. The control procedures measured anxiety with an open field arena,
defecation in testing environments, and latency to swim to a visible platform. A correlation
matrix with all of the cognitive tasks and the spontaneous alternation task revealed that a
majority of the tasks were positively correlated, and some of the positive correlations were
nonsignificant, with an average correlation of .2. When a PCA was conducted, the first
component explained 31% of the total variance in performance. A separate PCA was conducted
on the measures of anxiety. They found that the first component could explain 46% of the
variance in anxiety, but this component did not significantly correlate with any of the cognitive

measures or their g-like factor.

In a follow-up study, Experiment 1 used essentially the same test battery, but for
Experiment 2 it was expanded to include a spatial reversal in the Morris water maze, a water plus
maze, novel object exploration, and an additional problem-solving task (Galsworthy et al., 2005).
Additionally, in Experiment 2, many of the tasks were shortened. For these experiments only one
dependent measure per task was used in the correlational matrix and an aggregate performance
score was used when appropriate. Reliabilities were only reported for each dependent measure,
however, not the aggregate. For Experiment 1, reliabilities ranged from .47-.87, and in
Experiment 2 they ranged from .03-.78. The mean correlation was .18 and 0.06 respectively. A
principal component factor analysis (PCFA) resulted in one factor that could account for 32% of
the variance in Experiment 1, and 19% of the variance in Experiment 2. They acknowledge that
the low task reliabilities could have attenuated the subsequent g factor, but did not indicate that

the correlations had be corrected in order to compensate for this (Galsworthy et al., 2005 p. 688).

Studies conducted in Matzel’s lab used a test battery that consisted of egocentric

navigation (Lashley Il maze), passive avoidance, spatial learning (Morris water maze), odor
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discrimination, and fear conditioning (Kolata et al., 2005, 2007, 2008; Matzel et al., 2003; Sauce
et al., 2014). These tasks were administered in such a way to ensure variability between subjects
and capture differences in learning (Kolata et al., 2008) An open-field arena was used to
determine anxiety and activity levels. An analysis similar to Galsworthy et al. (2002, 2005) was
conducted. Performance on the cognitive tasks showed a uniformly positive correlational matrix
and PCA extracted one component that explained 38% of the variance (Matzel et al., 2003).
When the behavior in the open field was analyzed, only the amount of time spent away from the
walls was significantly related to the general factor. This type of behavior, spending time in the
open part of the open-field arena, is thought to reflect novelty seeking. As with humans,
subsequent studies found this factor to correlate with WM, which was assessed with two 8-arm
radial mazes (Kolata et al., 2005; Sauce et al., 2014). This factor also correlated with
performance on a mouse version of the Stroop task (Kolata et al., 2007). In humans, such a
relationship has received only mixed support, however it is underexplored (Friedman et al.,
2006; Polderman et al., 2009). Pooling across prior data sets (n=241) produced a sample size
with substantially more power. With this sample, the average correlation was .22, a magnitude
similar to what they had found in the individual studies, but they did not report the task
reliabilities. PCA confirmed a general factor that accounted for 38% of the variance and
identified a potential group factor of spatial ability (Kolata et al., 2008). This strengthens the

similarity between humans and mice in the structure of cognitive abilities.

To recap, for mice, one lab has had consistent success in capturing a general factor for
cognition using their test battery (Kolata et al., 2005, 2007, 2008; Matzel et al., 2003; Sauce et
al., 2014), while other labs have had more inconsistent results (Galsworthy et al., 2002, 2005;

Locurto et al., 2003, 2006; Table 1.1). One key difference comes from how control measures are
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incorporated into the data analysis. When the control measures are entered into the factor
analysis, a g factor is not extracted (Locurto et al., 2003, 2006). When the control measures are
subjected to a separate factor analysis, and a correlational analysis is used to determine if the
factors are related, typically a g factor that can account for approximately 30% of the variance is
found (Galsworthy et al., 2005; Matzel et al., 2003; Kolata et al., 2008). The latter is the method
of correlated vectors, and while some human researchers have advocated for its use (Jensen &
Weng, 1998) other researchers have identified potential issues with its use (Ashton & Lee, 2005;
Wicherts, 2017). It is also not always clear why certain dependent measures are being collected
in cognitive tasks with mice (Locurto et al, 2006). Unlike in human intelligence tests where there
is one dependent measure for each task, with mouse studies multiple measures are typically
collected. If the rodent g is as robust as the human g, we would expect to see a similar positive
correlational matrix in each species, regardless of task battery composition or dependent
measures collected. When constructing test batteries for humans, however, tasks are chosen
specifically because they are known to load highly onto g, and avoided if they don’t. This bias
could artificially strengthen the correlation between tasks (Locurto et al., 2006). The discrepancy
between Galsworthy’s, Locurto’s, and Matzel’s labs in data analysis and success in finding a
general factor should be investigated further, possibly by standardizing certain methods to ensure

minimum between lab variation.

Avian Species

The structure of cognition has also been explored in a wide variety of avian species,
including song sparrows (Anderson et al., 2017; Boogert et al., 2011), robins (Shaw et al., 2015),
spotted bower birds (Isden et al, 2013), and Australian magpies (Ashton et al., 2018; Table 1.1).

Given the more distant relationship between birds and mammals (~350 mya), investigation of g
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in birds could provide insight into the phylogenetic depth of general intelligence (Figure 2).
Similar results across birds and mammals could also result from convergent evolution, where a
general cognitive factor evolves independently across multiple species due to similar
environmental conditions or social structures. Likewise, since research with birds, especially
pigeons, often uses similar methods and procedures as used in human cognitive research (e.g.,
behavioral psychophysics experiments using visual touchscreen operant chambers), birds provide
a powerful tool, similar to nonhuman primates, with which to tease apart the relationship
between g and its underlying cognitive components. For non-pigeon avian research, test batteries
typically consist of acquisition of novel operant behavior, discrimination learning, reversal
learning, spatial/reference memory, and response inhibition (Table 1.1). Response inhibition is
assessed with a detour tube task. In this task, subjects are presented with a transparent tube with
a visible food reward inside. The tube is positioned such that the subject must inhibit the direct
approach to the food, and instead move away from the reward to access it from the side of the

tube (Kabadayi et al., 2018; van Horik et al., 2018).

Wild male song sparrows were administered the motor learning, color association, color
reversal, and the detour task in a laboratory environment. The number of songs in their repertoire
was also collected. Song learning is thought to encompass cognitive abilities due to the process
of learning songs from other males, directly or through recordings, during the critical period
early in life. Once males reach sexual maturity, they produce crystalized song typical of adults of
that species. If song learning was influenced by general cognitive ability, it would be a potential
mechanism for mate choice for cognition (Boogert et al., 2011). The correlational matrix for the
cognitive abilities was not uniformly positive and the average correlation was .248. PCA

extracted 2 components, where the first component accounted for 45% of the variance and the
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second component accounted for 33% of the variance. The color association and color reversal
learning tasks loaded positively onto the first factor, the motor learning task had a weak negative
loading, and detour performance had a strong negative loading. This negative loading indicates
that the detour tube task is measuring something different compared to the other tasks. Song
repertoire size showed a complicated relationship with these cognitive tasks. Larger song
repertoires were associated with faster performance on the detour task, but slower performance
on the reversal learning task. Song repertoire size was negatively correlated with detour
performance, however, meaning that birds with a larger repertoire were faster at the detour task.
The researchers acknowledge that differences in noncognitive factors like personality and
experience could have influenced performance on these measures and be a potential factor in

why a g like factor was not found.

A similar test battery, but with the inclusion of a spatial/reference memory task, was
given to hand-reared male and female song sparrows (Anderson et al., 2017). Two measures of
song accuracy were assessed in addition to repertoire size. The correlational matrix was not
uniformly positive and many correlations were weak. The average correlation for males (n=19)
was .101, but this actually decreased to .036 when females were added to create a larger sample
size (n=38-41). PCA was conducted with the correlational matrix from the male subjects and two
components were extracted from this test battery. Similar to the results with the wild population,
the color association, reversal, and spatial learning task loaded positively onto the first
component, but the detour task loaded negatively (Anderson et al., 2017; Boogert et al., 2011).
All measures of song performance were positively correlated but, in contrast to the wild
population, better performance on color reversal was associated with higher song quality while

better performance on the detour task was associated with poorer song quality. This further
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emphasizes that cognitive abilities in sparrows do not show a uniform relationship (Anderson et
al., 2017; Boogert et al., 2011). While these studies did not allude to task reliability, a follow up
study investigated the consistency of performance across time (Soha et al., 2019). Subjects were
tested once a year for two or three years on the test battery used by Anderson et al. (2017).
Performance and relative rank were not consistent across years for males or females, with the
average correlation across time being .13. The relationship that cognitive performance had with
measures of song accuracy also varied across years. This variance over time makes interpreting

the initial studies difficult.

Research with other avian species has produced similar correlational matrices to what
was found with song sparrows, though with stronger evidence for a general cognitive factor.
Bower birds were given a problem-solving task, where they had to remove a novel barrier, novel
motor learning, color discrimination and reversal, shape discrimination, and spatial memory. A
majority of the correlations were positive and the average correlation was .26. PCA extracted
two components, where all tasks loaded positively on the first component and it accounted for
44% of the variance, indicating a general factor. Whether this general factor was related to
mating success was also studied. Male bower birds build elaborate nests (bowers), which appears
to be a cognitively demanding task, to attract mates. Similar to song sparrows, if this nest
building ability is generally related to performance on other cognitive tasks, it could be used as a
signal by females for mate selection. Yet no consistent relationship between mating success and
cognitive measures has been found (Isden et al., 2013). Wild robins were administered the same
test battery as described by Anderson et al. (2017). A majority of the correlations were positive,
with an average of .158, and PCA extracted two components. All tasks loaded positively onto the

first component and it accounted for 34.46% of the total variance. The loadings onto the first
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component were strengthened after removing potential non-cognitive confounds, like innate

color preference (Shaw et al., 2015). However, the reliability of these tasks was not given.

A study with Australian magpies administered the same test battery that was given to
song sparrows (Anderson et al., 2017) and robins (Shaw et al., 2015), though time to learn a
novel motor behavior was not included in the correlational matrix or the PCA. They found
uniformly strong positive correlations among cognitive tasks, with an average correlation of
465, and when given similar tasks 2 weeks later, performance was very reliable (.806-.975).
PCA extracted one component that explained 64% of the variance in performance. Group size
was related to this factor, where subjects living in larger groups performed better on these
cognitive tasks. Furthermore, maternal cognitive ability was found to be the best predictor of
reproductive success as measured by the number of fledglings produced and the number that
survived to adulthood (Ashton et al., 2018). This contrasts with earlier studies that had only
looked at the mating performance of males (Anderson et al., 2017; Boogert et al., 2011; Isden et

al., 2013).

Thus, as with nonhuman primates and mice, evidence for g in avian species has yielded
mixed results. In the song sparrow, performance on the detour task has a negative loading on the
first factor extracted (Anderson et al., 2017; Boogert et al., 2011). Negative loadings are not seen
in human studies of intelligence unless better performance is measured in the opposite direction
of the other tasks (Jensen, 1998). In contrast, for the remaining species, robins, spotted bower
birds, and Australian magpies, performance on all tasks showed positive loadings on the first
factor and the first component accounted for an average of 47% of variance in performance
(Ashton et al., 2018; Isden et al., 2013; Shaw et al., 2015). The detour task itself could be the

reason for the different pattern of results. Follow-up studied with robins and pheasant chicks
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found that better (i.e., healthier) body condition and experience with transparent objects reduced
the number of ineffective pecks to the transparent wall (Shaw, 2017; van Horick et al., 2018).
Noncognitive factors could be influencing performance on the detour task and obscuring a

general factor in sparrows.

It is also possible that these species are under different evolutionary pressures which has
created differences in how cognitive abilities are related. The predictive value of g in humans has
been strongly linked to outcomes that are the products of cultural evolution that themselves can
vary substantially across individual, such as occupation and education attainment. Thus,
exploring g in an ecological/evolutionary context could help illuminate why certain tasks load
more highly onto g than others. Avian species that show nonsignificant positive and negative
correlations on these cognitive tasks might be under different evolutionary pressures than those
showing significantly, uniformly positive correlations. Evolutionary theories are elaborated on
later, but briefly, Australia is home to spotted bower birds, which has a weak correlational
matrix, and magpies, which has uniform, positive correlations. These species differ in terms of
how they interact with conspecifics and humans, with bower birds being more isolated, which
could be driving differences in how performance on these tasks are related (Ashton et al., 2018;
Isden et al., 2013). The consistency of the test batteries given to these different avian species
makes it easier to theorize about which factors are causing the differences in performance, a
strength of the studies conducted so far. Testing wild subjects allows for a more nuanced
understanding of how cognitive ability can impact reproduction and survival, and how this could

interact with environment and social structure.

One species that is conspicuously absent from avian studies of intelligence is the pigeon.

This is surprising given their long history as research subjects in psychology. Pigeons show
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evidence of cognitive processes typically studied in human and nonhuman primates, such as
abstract reasoning (Blaisdell & Cook, 2005; Katz & Wright, 2006), rule learning (Garlick et al.,
2017), WM (Cook & Blaisdell, 2006; Kangas et al., 2011; Lind et al., 2015), associative learning
(Cook et al., 2005), artificial grammar learning (Herbranson & Shimp, 2008), inhibition of return
(Cook et al., 2012), memory interference dynamics (Wright et al., 1985), and choice RT
(Vickrey & Neuringer 2000). Often these cognitive processes are assessed in similar ways in
pigeons as they are in human and nonhuman primates facilitating cross species comparisons.
These cognitive processes seem to be supported by similar neuroanatomical structures, indicating
that there is some restriction on how certain cognitive abilities evolve (Colombo & Broadbent,
2000; Colombo & Scarf, 2012; Divac et al., 1985; Glntlrkin, 2005). These similarities suggest
that, if pigeons were given a comprehensive test battery, a g factor would emerge. Frequently,
pigeon researchers use the same subjects across multiple experiments, so it is likely that many
labs already have assessed subjects on a variety of cognitive tasks, making it even more
surprising that no lab has yet correlated their performance on different tasks. We are currently
assessing pigeons on a test battery to measure g, with the addition of a novel reasoning task — a
modified version of the RPM (mMRPM; Flaim & Blaisdell, 2021)—an assessment of Gf in
humans (Raven, 2008). This factor loads highly onto g, yet is completely absent from any study
in nonhumans. Briefly, for the mRPM task, subjects must learn an abstract rule to identify the
rewarded stimulus, and transfer learning of that rule to novel stimuli. Preliminary results indicate
that the mRPM is sensitive to individual differences in rule acquisition and transfer (Flaim &

Blaisdell, 2021).
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Discussion

Most animal studies have revealed a similar cognitive structure as found in humans.
Nevertheless, weaknesses in animal test batteries make it difficult to determine if they extract the
same factor across species. Test batteries for nonhuman animals sometimes assess abilities that
are underexplored in humans. In primate studies, for example, social tasks are frequently
included (Derksen et al., 2002), while avian batteries always include a measure of inhibition—
both of which are underexplored in humans (Dempster, 1991). Even when the same cognitive
abilities are tested, the methods are vastly different. The 8-arm radial maze is commonly used in
animal studies of WM, but this is not the way WM is assessed in human studies of g (Conway et
al., 2005). WM is theorized to have domain general properties that would result in similar
performance across specific task stimuli, as long as the tasks had similar demands (Unsworth et
al., 2008). The 8-arm radial maze appears as though it has similar task characteristics to the WM
tasks given to humans, since the subject has to maintain and update a list of locations within the
trial. This would indicate that it is a valid measure to investigate WM across species, even
though the particular task format has been designed to take advantage of the rat’s species-
specific tendencies. Nevertheless, as discussed earlier, WM is unlikely to be a unitary construct.
Different aspects of WM have been emphasized in the different tasks used with humans, and
each underlying aspect has shown a relationship with g (Kane et al., 2007; Unsworth & Engle,
2007; Unsworth et al., 2008). One group of researchers has investigated how these different
aspects of WM are related to the g factor in mice, providing further evidence that WM and its
relationship to g is similar across species (Kolata et al., 2007), but more research needs to be
conducted before forming strong conclusions. Human performance on an 8-arm radial maze

should be compared with more traditional measures of WM and measures of g in nonhumans
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(Astur et al., 2004). Research with nonhuman animals should investigate WM with a broader
array of tasks to determine if it also shows similar domain general properties and specific

underlying processes (Kolata et al., 2007; Shaw & Schmelz, 2017).

Associative learning tasks pose a similar issue. In avian studies, with the exception of the
study by Cook et al. (2005), studies of associative learning typically involve the acquisition of
two associations (Anderson et al., 2017; Ashton et al., 2018; Boogert et al., 2011; Isden et al,
2013; Shaw et al., 2015). While underexplored, this type of associative learning task does not
show a significant relationship with intelligence in humans, in children or adults (Plenderleith,
1956; Stevenson & Zigler, 1957). The associative learning tasks that are sensitive to differences
in cognitive ability, the paired associates and three-term contingency tasks, have 10-30 unique
stimulus pairs, placing more demands on learning, memory, and retrieval systems (Alexander &
Smales, 1997; Kaufman et al., 2009; Tamez et al., 2008; Williams & Pearlberg, 2006).
Differences in task design are expected when conducting comparative studies in order to
accommodate different physical and sensory capabilities, in addition to other factors like
motivation (Macphail, 1987). As mentioned earlier, this means different species will need
different parameters in order to ensure that performance is an adequate reflection of cognitive
ability, but greater care should be taken to ensure that the underlying construct is the same (see
Wright et al., 1985 for a beautiful demonstration of this using the comparative method of

systematic variation (Bitterman, 1975)).

Task purity is also a problem, with some tasks included in the batteries unduly influenced
by personality, subject experience, experimental conditions, and physical health (Boesch, 2007;
Kabadayi et al., 2018; Shaw, 2015; Sorato et al., 2018; van Horick et al., 2018). Finally, tests

included in the battery should show high amounts of variability between subjects, but high
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reliability within subject. Deficits in either of these elements will hinder detection of a g factor
(Carroll 1993; Jensen 1998). Some tasks in the PCTB have low levels of between-subject
variation, which may contribute to the difficulty in uncovering a general factor (Burkart et al.,
2017; Hermann et al., 2010). In the test batteries for sparrows and mice, low levels of reliability
may have attenuated correlations and weakened the general factor found (Cauchoix et al., 2018;
Fan, 2003; Glasworthy et al., 2005; Soha et al., 2019). Low reliabilities attenuating the
subsequent correlations were often mentioned in these experiments, yet these correlations were
not corrected to compensate for this issue. For these species, however, the reliability and
variability may not be an issue entirely with the tasks, but with the subjects. Task reliability will
be higher in populations with higher variance in their true scores, that is, their scores independent
from random error. Populations with higher true variance could produce a stronger g factor since
there is more variance available to be accounted for. While tasks still need to be carefully
constructed in order to show between-subject variability on the one hand, and within subject
reliability on the other hand, potential differences in true variance across species should be kept

in mind.

When a general factor has been found in nonhumans, the correlational matrix across task
performance is not as robust as what we see in humans (Banerjee et al., 2009; Carroll, 1993;
Galsworthy et al., 2002, 2005; Herndon et al., 1997; Hopkins et al., 2014; Isden et al., 2013;
Jensen, 1998; Kolata et al., 2005, 2007, 2008; Matzel et al., 2003, 2006, 2008; Shaw et al., 2015;
Woodley of Menie et al., 2015; but see Ashton et al., 2018). This is especially problematic when
PCA is used to extract a g factor. PCA uses the total variance in the extracted components, even
unique and error variance. This can result in overestimating the amount of variance the first

extracted component can explain (Jensen & Weng, 1998). Some of the studies yielding poor
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correlational matrices used PCA, which may have overestimated general cognitive ability in
animal studies (Galsworthy et al., 2002, 2005; Isden et al., 2013; Matzel et al., 2003; Shaw et al.,
2015; Table 1.1). This is not to dismiss the g factors that have emerged from weaker
correlational matrices, but we need to understand why the correlations from nonhuman studies
tend to be weaker. This could be due to low task reliability, as mentioned earlier. Sample size,
however, is another factor impeding strong correlations, as most animal studies are
underpowered (Banerjee et al., 2009; Galsworthy et al., 2002, 2005; Herndon et al., 1997;
Hopkins et al., 2014; Isden et al., 2013; Matzel et al., 2001, 2006, 2008; but see Kolata et al.,
2008). For PCA and other methods of factor analysis, it is recommended that there should be at
least ten subjects for each measure, but few studies have achieved this ideal (Burkart et al., 2017,
Costello & Osborne, 2005; Yong & Pearce, 2013). Some researchers have compensated for this
by comparing empirical results to the results of a random bootstrapping procedure or randomly
simulated data sets (Ashton et al., 2018; Damerius et al., 2018; Shaw et al., 2015), though this is
not common practice. Another potential factor is the subject sample. Since the factors are
extracted to explain variance in performance, the subject population must be heterogenous
(Burkart et al., 2017; Yong & Pearce, 2013). Animal studies often lack heterogeneity, such as
when studies of wild animals only test males (Isden et al., 2013), or bold individuals low in
neophobia (Shaw & Schmelz, 2017). In lab environments, although outbred strains of mice are
used, they are reared in nearly identical conditions, thereby diminishing inter-individual variance
(Galsworthy et al., 2002; Kolata et al., 2005; Matzel et al., 2003). Environmental factors can
make important contributions to cognitive abilities (Light et al., 2010; Neumann et al., 2007;
Nisbett, 2009). Thus, the strength of strong environmental control of laboratory populations is

also a weakness. A recent study showed that when mice were exposed to an enriched
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environment for two weeks, their performance on a cognitive test battery improved (Sauce et al.,
2018). Factors like environmental conditions and population characteristics should be further

explored to understand how they could be affecting performance on cognitive tasks.

Given the strong interest in general intelligence in humans, establishing methods for
identifying a g factor across diverse species should be a top priority of comparative cognition
research. The cognitive abilities of many species are starting to be formally recognized and
tested, but understanding how those abilities are related to each other remains a mystery. Under
what conditions will species show evidence for general cognitive ability versus distinct and
nonoverlapping cognitive abilities? What are the costs and benefits of having a generalized
versus specialized system? Social structure/group size, diet, and environmental
complexity/variability have all been proposed as determinants of cognitive abilities (Ashton et
al., 2017; Herrmann et al., 2007; Mettke-Hofmann, 2014; van Horik & Emery, 2011). Group
size, for example, has been theorized to increase cognitive abilities because larger groups put
more demands on learning about and remembering more individuals, including their status
within the group, and inter-individual interactions (van Horik & Emery, 2011). A weak
correlational matrix was found in spotted bower birds (Isden et al., 2013), for example, while the
correlational matrix found in the Australian magpies was stronger (Ashton et al., 2017). While
these species show many behavioral similarities, including vocal imitation, sedentary lifestyle,
and diet; they differ in their social interactions, breeding behaviors, and parenting. In bower
birds, females select males based on bower attributes and mating display, but males do not assist
with parenting (Isden et al., 2013). Additionally, there is evidence to suggest that interaction with
conspecifics occurs primarily during breeding and mating in the form of competition, but less

research has been published on bower bird behavior outside of bower activities (Madden, 2008).
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By contrast, Australian magpie groups involve complex social behaviors, where members help to
provision nestlings that are not related to themselves (alloparenting), and work together to defend
their territory from predators and out-group members (Farabaugh et al., 1992; Finn & Hughes,
2001). The difference in social complexity might contribute to the different strengths of the
correlational matrices in these two species. Group size can also explain differences in g within
species as well. Within the Australian magpies, Ashton et al. (2017) found that cognitive
performance improved as group size increased. This supports the idea that larger, more complex
social groups are more cognitively challenging, thereby enhancing cognitive abilities of its
members, but its potential explanatory value for magpies does not necessarily mean it will be
able to explain differences across species. Enhanced cognition could be general (Ashton et al.,
2017), or be restricted to social cognition. Herrmann et al’s (2010) findings, and the low
correlations between g and social ability in humans, suggest little effect of social complexity on
g. Nevertheless, nuances within group size and social dynamics could help elucidate why these

different results are found (Holekamp, 2007; Shultz & Dunbar, 2006).

Other researchers have argued that diet plays a substantial role in shaping cognitive
abilities and brain function (DeCasien et al., 2017; Holekamp, 2007; Mettke-Hofmann, 2014; but
see Allen & Kay, 2011). Having a varied diet (e.g., omnivorous or frugivorous) is associated
with larger brains and/or higher cognitive abilities compared to species with specialized diets
(e.g., folivorous). This could be due to increased demands on learning and memory systems
posed by an omnivorous diet, improved diet quality, or the combination of the two. Nevertheless,
research on the role of diet on cognition usually focuses on a single cognitive ability, such as
innovation, or uses brain size as a proxy for cognition, rather than measuring g (Chittka & Niven,

2009; Roth & Dicke, 2005; Sol et al., 2016; Snodgrass et al., 2009). There is also evidence that
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habitat complexity can influence brain size and rates of learning (Mettke-Hofman, 2014; Sayol et
al., 2016; Schuck-Paim et al., 2008). These influences are not necessarily mutually exclusive,
and may interact in their contribution to natural behavior (Lefebvre & Sol, 2008; Mettke-
Hofman, 2014). It is possible that these influences will consistently co-vary. In cichlid fish, for
example, environment complexity positively correlates with number of conspecifics (Pollen et
al., 2007). A similar result was seen in African Starlings, where cooperative breeding is observed
more frequently in complex environments (Rubenstein & Lovette, 2007). The potential for
environment, diet, and social structure to co-vary makes it difficult to determine their
independent contributions to brain size or cognitive abilities. Investigating a wider range of
species could help answer this question. Noted by Holekamp (2007), spotted hyenas have high
quality diets and complex social groups, whereas carnivorous and omnivorous bears also have
high quality diets, but are predominately solitary. A better understanding of how diet,
environment, and social structure impact specific cognitive abilities and brain size will also

facilitate our understanding of how they relate to the underlying cognitive structure.

On the surface, it seems beneficial to have a larger brain and more advanced cognition.
Larger brains are more diverse in function and structure (Roth & Dickie, 2005). Yet brains are
metabolically costly and so selection for increased brain size usually requires specific
environmental conditions and tradeoffs with other metabolically expensive organ systems
(Burkart et al., 2017; Byrne & Bates, 2007; Chittka & Niven, 2009; Isler & van Schaik 2006;
Iwaniuk & Nelson, 2003; Roth & Dickie, 2005). In humans, brain size increased as our digestive
tracts shrank (Aiello & Wheeler, 1995). In birds, there is a negative correlation between brain
size and pectoral muscle mass (Isler & van Schaik 2006). Increasing brain size and cognitive

ability is not the only solution to meet environmental challenges, however. In birds, there is a
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negative correlation between migratory distance and brain size, where the birds that traveled the
furthest had the smallest brains (Sayol et al., 2016; Vincze, 2016). Yet, migratory birds show
better long-term spatial memory compared to non-migratory birds, indicating that despite having
smaller brains specific cognitive abilities can be selected for (Mettke-Hofmann & Gwinner,
2003). Detailed comparative studies can illuminate the conditions that support selection for
general cognitive abilities versus specific cognitive processes (Chittka & Niven, 2009; Mettke-

Hofman, 2014).

In a comparative analysis, better performance on cognitive tasks may not correlate with
measures of fitness. In some species, fitness is increased through the selection of traits that
attract mates or defeat rivals, yet with a concomitant decrease in brain size (Lefebvre & Sol,
2008). For other species, while potential mates that perform better on cognitive tasks are
preferred (Chen et al., 2019; Spritzer et al., 2005a), this does not always result in increased

fitness for those males or that females will act on that preference (Spritzer et al., 2005b).

Survival is another potential correlate with better cognitive performance in animals (Sol
et al., 2007; Sol et al., 2008), though this correlation is not always found (Kotrschal et al., 2015).
There is evidence for a complicated interaction between cognitive abilities and personality that
could result in equivalent rates of survival despite differences in cognitive abilities across
individuals (Mazza et al., 2018; Mettke-Hofmann, 2014). In great tits (Parus major), a species of
song bird, individuals who were more competitive in maximizing a particular food resource
during winter performed more poorly on a problem-solving task compared to less competitive
individuals (Cole & Quinn, 2012). Although intelligence is predictive of health and longevity in
humans (Murray et al., 2011), in modern societies this is more dependent on navigating

environments that humans have created (especially schooling), not those created by the natural
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environment (Flinn et al., 2005). No other animals have created, then subsequently had to resist,
high-fat and high-sugar foods in order to prevent disease states. Understanding how cognitive
abilities are related to survival in nonhumans will require the integration of multiple factors,
including how cogpnitive abilities are interrelated. Species that show evidence for more
interrelated cognitive abilities may have different interactions with noncognitive factors, like

personality.

Another strength of animal research is that it could inform on different aspects that
influence or are correlated with human intelligence. The benefit of using lab animals is they
provide more control over biological factors which can be independently manipulated. The
ability to closely monitor or manipulate brain function or genetics in animals can help elucidate
which genes, brain regions, neural connections, and neurotransmitters are involved or correlated
with cognitive functions, including g (Plomin 2001; Matzel et al., 2013). Animal models have
already identified some neurobiological correlates related to cognitive ability, such as the
importance of dopamine receptor function in mice (Wass et al., 2013, 2018), and cortical
thickness and brain size in chimpanzees (Hopkins et al., 2018). As animal test batteries improve,
is it likely that more neurobiological correlates will not only be identified, but manipulated to

help determine their causal influence on cognitive performance.

While animal and human research investigating the physical substrate of intelligence is
important, there are some misconceptions about how deterministic these neurobiological
correlates are. This is partially because some researchers have consistently stated that differences

in intelligence are due to differences in inherited genes that are not sensitive to environmental
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factors (Jensen, 1998; Rushton & Jensen, 2005) . This argument is sometimes supported by
heritability estimates that state intelligence is 60-80% heritable (Bailey, 1997; Gillborn, 2016).
This theory of intelligence being determined by genes has persisted, yet the theory is
continuously criticized due to how heritability estimates are calculated, and because more recent
findings on the relationship between genes and intelligence fail to support these heritability
estimates. Heritability estimates are used to determine how much variance in a characteristic can
be attributed to genetic differences at the population level. Heritability estimates are influenced
by how variable the environment is and are unique to populations at the time of estimate,
meaning the same characteristic can have different estimates depending on who is sampled and
when (Nisbett, 2009; Sauce & Matzel, 2018; Tucker-Drob & Bates, 2016; Turkheimer et al.,
2003). These high heritability estimates for intelligence are also difficult to reconcile with
current genetic research. For most traits, the number of genes involved in the expression is large,
and the effect size of each individual contributing gene is minute on its own (Allen et al., 2010;
Beauchamp et al., 2011; Chabris et al., 2012). Furthermore, there is no evidence to suggest that
these genes are insensitive to the environment (Bailey, 1997; Chabris et al., 2012; DeYoung &
Clark, 2012). Some researchers argue that it is precisely a gene x environment interaction that
could explain both high heritability estimates and low identification rates for specific gene
variants (DeYoung & Clark, 2012; Sauce & Matzel, 2018). Heritability estimates typically over
attribute variance in a trait to genes by including the gene x environment interaction in the
estimate of heritability (Jensen, 1998; Sauce & Matzel, 2018). These results indicate that it is

unlikely that differences in intelligence are due to immutable genetic factors. When

1 Many of these theories were created in attempt to explain differences in 1Q scores between races. A discussion of
race, 1Q, and genes is outside the scope of this review, but please see Frank, 2015, Krimsky & Sloan, 2011, and
Nisbett, 2009 for discussion on why it is incorrect and harmful to posit race-based differences as innate.
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neurobiological factors related to differences in cognitive performance are found they should not
be presented as the sole and universal contributor to differences. Reductionist arguments like
these could inadvertently perpetuate racist ideas (Gillborn, 2016; Phelan et al., 2013). Instead,

these findings should be presented in the context of environmental interactions.

Investigating how neurobiological correlates of intelligence are related to the
environment is easier with animal research due to the amount of control a researcher has on the
environment. As mentioned earlier, short-term interventions that provide environmental
enrichment improve performance on a cognitive test battery in mice (Sauce et al., 2018). Short
term, intensive WM training increases dopamine (D1) receptor sensitivity and improves
performance on a cognitive test battery in mice, highlighting the importance of even short-term
interventions on biological substrates (Wass et al., 2013). Chronic environmental conditions and
how that is related to cognitive performance could also be investigated. Animal research has
already successfully modeled some of the environmental effects of development in a low
socioeconomic status (SES) environment, including its neurological consequences (Hackman et
al., 2010). SES correlates with intelligence, thus integrating these two lines of rodent research
(environmental and genetic manipulations) could help uncover the causal direction of this
correlation (Brooks-Gunn et al., 1996; Hackman et al., 2010; Jensen, 1998; Mani et al., 2013;
Schmidt, 2017). Extended environmental manipulations will likely be key to understanding how

chronic conditions impact cognitive function and the underlying neurobiological correlates.

Humans are a language-using species, and language enables much greater intelligence in
our species than what is found even in other highly intelligent species (Penn et al., 2008).
Furthermore, verbal fluency correlates positively with FSIQ (Ardila et al., 2000). Thus, it is

difficult to disentangle the contribution of language to g. By studying non-language animal
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models, we can gain insight into the cognitive processes and capacities that contribute to g that

do not require, or that are independent of language (Shaw & Schmelz, 2017; Figure 2).

Well-developed test batteries for use in different animals, including humans, can help
validate the neuroscience of g and its related cognitive mechanisms. Finding a general cognitive
factor in animals has so far been only partially successful. Correcting methodological issues
discussed in the previous sections will improve the search for a g factor in other species. Test
batteries across all species, including humans, could be modified to facilitate comparative
research. Tasks that have been used with both humans and other species that have not been
included in test batteries are ideal targets for development. As discussed earlier, assessments of
WM in rodent test batteries typically employ an 8-arm radial maze. Humans have been tested on
a virtual radial arm maze, but this has not been incorporated into a larger battery or compared to
more traditional measures of WM (Astur et al., 2004; Shaw & Schmelz, 2017). Reversal learning
is another example of a cognitive task that is commonly included in animal test batteries, and is
commonly used in humans to investigate neuropsychiatric disorders (Izquierdo et al., 2017), yet
is underexplored in humans in relation to g. Furthermore, nonhuman animals should receive
tasks that more closely resemble those used to study g in humans. For example, pigeons have
shown similar RT effects on a variation of a human task based on Hick’s Law (Vickrey &
Neuringer, 2000). Including tasks like this in a test battery for animals would allow for increased

correspondence between human and nonhuman animal measures of g.

Test batteries should also include more tasks where animals have to use previously
acquired knowledge to solve novel problems (van Horick & Lea, 2017). Understanding how to
apply knowledge beyond the trained situation is thought to explain why g is one of the best

predictors of job performance (Schmidt, 2014). In the test batteries given to animals, there is a
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debate about how ecologically relevant those tasks should be (Burkart et al., 2017; Herrmann et
al., 2007). Nevertheless, if the goal is to discover general cognitive abilities, then it is not clear
how important it is that the tasks in the test battery are ecologically relevant. The more
ecologically relevant a task is, the more likely that they will engage highly-conserved behavioral
processes (those often labeled as “instinctive”), with little inter-individual variation (Burkart et
al., 2017). Using contrived and standardized tasks, such as in an operant chamber, can actually
help control for noncognitive factors, like environmental experience, and facilitate comparisons

across species (Clarin et al., 2013, but see Shaw, 2017).

Perhaps the most important factor is that test batteries should assess clear and separable
domains of cognition as much as possible (Burkart et al., 2017; Shaw & Schmelz, 2017). Many
studies, particularly those investigating cognition in the wild, use ill-defined tasks such as
‘problem solving’ or ‘innovation’. This can make it difficult to determine what aspects of
cognition are being used to solve the task, whether the same strategy is engaged across subjects,
and if the behaviors are related to other cognitive abilities. Ultimately, there should be more
communication across labs to determine that test batteries for different species attempt to assess
the same underlying constructs, but which constructs should receive the most focus? As
reviewed earlier, in humans, WM, processing speed, and associative learning have shown a
relationship to g, though the causal nature of this relationship g is still debated. These basic
cognitive processes have been found in just about all vertebrate orders, ranging from birds and
mammals to amphibians and fish. Furthermore, these core cognitive processes reflect basic
functions of vertebrate brains, often involving collaboration across multiple circuits, such as

hippocampus, frontal cortex, and basal ganglia (Papini, 2008). By focusing on these core
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cognitive processes, it is reasonable and possible to create a comprehensive cross species test

battery that could extract psychometric g should it be present.

If psychometric g is found in a broad range of taxa, the causal factor may reflect a deep
homology of the vertebrate brain despite species-specific brain and cognitive specializations
(Glntlrkun & Bugnyar, 2016; Osvath et al., 2014). This hypothesis requires testing, but such
testing in turn requires the development of a test battery that can reliably assess these core
cognitive functions across diverse species of vertebrate, from the human to pigeon to fish.
Despite our suggestion that g should be assessed with the common set of general core cognitive
processes of the vertebrate brain, this does not reject the idea that there are species-specific
cognitive specializations found in individual species or groups of species. As an analogy, the 5-
digit hand is a deep homology found in all tetrapods, and reflects the ancestral state. As a result,
there are some common core functions of the 5-digit hand. There has also been selection for
specialization in hand structure and function, such as the opposable thumb of humans that allows
for fine motor precision, and even more extreme specializations for specific forms of
locomotion, such as the wings of bats, the fins of whales, and the hooves of horses — each
reflecting an adaptive specialization to each species’ particular locomotor niche. Nevertheless,
independent of these specializations, inter-individual variation in hand function within a species
should be readily measurable using batteries of functional tasks, such as grip strength, dexterity,
and precision, or locomotor functions. Likewise, as we discussed above, some birds that store
seeds to be retrieved weeks or months later show specialized adaptation of spatial memory and
the supporting brain systems, in particular the hippocampus. There is likely a complex
relationship between specialized cognitive abilities and g due to differences in ecological

constraints across species. Nevertheless, there ought to be inter-individual variation in spatial
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memory in a species of food-storing birds, just as there are within a species of non-food storing
birds, despite the fact that the food-storing species has an overall greater spatial memory than
does the non-storing species. Appropriate tests that assess general cognitive functions are needed
to facilitate assessments of g across a diverse array of species. Thus, assessments should be
focused on the general cognitive processes, such as WM and associative learning, that are found

in all vertebrates.

It is inarguable that one factor explaining half of the variance in performance on
cognitive tests has been identified in humans (Lubinski, 2004). This factor is a good predictor of
mortality, health, level of education, and SES. Furthermore, it is clear that this factor is most
strongly related to WM and processing speed (Figure 1). What this factor consists of and what
underlies its function is still under intense investigation. Better measures of a general factor in
humans and animals could be an important effective tool to shed new light on general
intelligence. Only then can we more clearly elucidate the evolutionary and environmental

contributors to a general cognitive ability.
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Figure 1.1. A diagram representing the reviewed cognitive abilities and their relationship to g
and to each other. The thickness of the lines represents the strength of the relationship, while the
type of line (solid or dashed) represents the consistency of the relationship. The direction of the
arrows indicates the theoretical causal relationship.
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Figure 1.2. A cladogram of the species reviewed that have been given cognitive test batteries.

52



Table 1.1. Summary of cognitive test battery research in nonhuman primates, rodents, and birds.

Correlational

Other notable

: : 5
Species (n) Tasks matrix Analysis g° findings Reference
Primates

Delayed nonmatch to sample
Rhesus (10 and 120s delay), delayed

- : Performance Herndon et
monkeys recognition span task — spatial  Not shown PCA Yes 48% ) ;
. declined with age al. (1997)

(30) and color, reversal learning —

spatial and object

Occluded reach, targeted

reach, A-not-B, reversal
Cotton-top learning, exploration, Bayesian  Yes, unclear
tamarin numerical discrimination, Not shown latent how much the Banerjee et
monkeys acoustic discrimination, object variable g factor al. (2009)
(22) tracking social tracking, analysis accounted for

hidden reward retrieval, food

extraction puzzle

Spatial memory, object

permanence, rotation,

transposition, relative

numbers, addition numbers, )

. . No; 2 factors

Chimpanzees causal noise, causal shape, Not shown EFA and spatial and Herrmann et
(106) tool properties, social CFA P al. (2010)

learning, comprehension,
pointing cups, attentional
state, gaze following,
intentions

physical/social
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Spatial memory, object
permanence, rotation,
transposition, relative

The g factor and 2 of
the other components
were highly

Chimpanzees npmbers, causal noise, causal Not shown PCA Yes 54% heritable: a re-test 2 Hopkins et
(99) visual, tool use, tool al. (2014)
. . years later showed
properties, comprehension, i
: : consistent
production, attention state,
. performance
gaze following
Majority
Box task, detour tube task, positive, PCA Curiosity correlated .
Orangutans  tube trap task, honey tool task, . X . . Damerius et
L none (confirmed Yes 36% with g in captive
(53) associative and reversal ) . al. (2018)
learni reached with EFA) only, not wild types
earning S
significance
Rodents
Open field, spontaneous .
alteration in a T maze, Hebb- I\/cl)zji?ir\;gy Galsworth
Mice (40) Williams, MWM, burrowing P ' PCA Yes 31% y
8/28 et al. (2002)
task, contextual memory, plug  _.~"._.
significant
puzzle
Lashley maze, passive
avoidance, MWM, odor Uniformly . |
. discrimination, fear positive Propensity to explore Matzel et al
Mice (56) N ’ . ' PCA Yes 38% was correlated with '
conditioning, control: open- 2/10 (2003)
. . S T 4/5 tasks
field exploration, defecation in  significant
water/novel environments
Het_>b-W|II|ams, plgs maze, Maj_o_rlty No, 4 Included the control
radial arm maze, visual positive, components .
measures in the PCA
. nonmatch to sample, detour 3/15 that all . Locurto et al.
Mice (60) Y L PCA . analysis;
problems, control: light dark,  significant explained the counterbalanced the (2003)
activity measures in land and  (excluding same amount
X task order
water controls) of variance
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Lashley maze, passive
avoidance, MWM, odor
discrimination, fear

All in the

appropriate

Only Working
memory capacity

Kolata et al.

Mice (21) conditioning, radial arm maze  direction, PCFA Yes 40% was correlated with (2005)
with delay, dual radial arm 9/28 performance on the
maze, control: open field significant learning battery
exploration
Exp. 1:
Exp. 1: spontaneous alt. in T- u(r)uSl;(tJi:/rzly
maze, Hebb-Williams, MWM, P !
Mice (exp. 1  burrowing puzzle, plug puzzle; 6./15. . PCFA Exp. 1: yes
_ ' . : ' significant;  (replicated e . Males outperformed  Galsworthy
=84,exp.2  exp. 2: all tasks as exp.1 plus ) 36%; Exp. 2:
_ . Exp. 2: w/ PCA females on all tasks et al. (2005)
= 167) MWM reversal, syringe maiorit and PFA) yes 22%
puzzles, water plus maze, 00 sfi tivey
object exploration 15/55
significant
Lashley maze, passive
avoidance, MWM, odor
discrimination, fear | havi
. conditioning, plus maze Exploratory behavior Matzel et al
Mice (43) . e Not shown  PCFA Yes 32% loaded onto the '
(spatial), control: exploratory (2006)

behaviors, sensory/motor
function, stress, fear, pain
reactivity

general factor
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Exp. 1: half

Exp. 1: detour, win-shift, positive, For exp. 1 3/4
olfactory discrimination, fear 4/10 _ significant
7 e Exp. 1: no, 2 :
conditioning, operant significant; components correlations were
Mice (exp. 1 acquisition, control: light dark  Exp. 2: poner negative. When
o e . oo extracted; Locurto et al.
=47,exp. 2  test, open field; Exp. 2: detour, majority PCA } control measures
_ . . e Exp. 2: yes X . (2006)
=51) Hebb-Williams, radial arm positive, were included in the
. 34% (controls .
maze, olfactory foraging, fear ~ 3/10 PCA, 3 independent
AP . o excluded)
conditioning, control: light significant components were
dark test, open field (excluding extracted
controls)
Lashley maze, passive Selective attention
avoidance, MWM, odor All in the had the strongest
discrimination, fear appropriate correlation, short Kolata et al
Mice (27) conditioning, mouse Stroop, direction, PCFA Yes 43% term memory (2007) '
nonspatial radial arm maze, 5/15 capacity was modest,
delayed reinforced alternation,  significant and duration had the
control: open-field exploration weakest
Lashley maze, passive
avoidance, MWM, odor
Mice .(241’ d|scr!m|ngt|on, fegr i Um_fc_)rmly PCFA Spatial group factor
combined conditioning, spatial win-stay  positive, e X ; X Kolata et al.
) . . ) verified Yes 38% with a hierarchical
from prior (n=98), reinforced alternation ~ 9/10 with CEA desian (2008)
studies) (n=78), control: open-field significant g
exploration, defecation in
water/novel environments
Mouse Stroop, T-Maze
reversal, latent inhibition, dual External attention
. radial arm maze, odor EFA and 0 was significantly Sauce et al.
Mice (26) discrimination, reinforced Not shown CFA Yes 37% related to the general  (2014)

alternation, fear conditioning,
radial arm maze

factor
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Birds

Majority
Novel motor task, color o
. positive, No, 2
Song sparrows  association, color reversal none PCA compbonents Not related to song Boogert et al.
(52) (2009, 2010), tube task P repertoire size (2011)
reached extracted
(2010) S
significance
Barrier removal, novel .
Majority
motor task, color ositive PCA (on
Spotted discrimination, color P ' Not related to mating  Isden et al.
. none 11 Yes 44%
bowerbird (14)  reversal, shape . success (2013)
O . reached subjects)
discrimination, spatial L
significance
memory
Motor task, color Majority
discrimination, color positive, Shaw et al
Robins (16) reversal, spatial memory, none PCA Yes 34% '
(2015)
tube task, symbol reached
discrimination significance
Majority
SONG SDAMTOWS Novel motor task, color negative, No, 2 Anderson et
( 41)9 P association, color reversal,  1/10 PCA components al. (2017)
tube task, spatial learning significant extracted '
(positive)
Larger group size
was related to better
cognitive
Color association, color Uniformly performance. Better Ashton et al
Magpies (56) reversal, tube task, spatial ~ positiveand PCA Yes 64% cognitive (2018) '
learning significant performance in

females resulted in
better offspring
success
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Chapter 2: Transferring Relational Rule Learning: A Potential Problem
Between Successive and Simultaneous Choice Procedures when Assessing
Pigeons (Columba Livia)

Abstract

Raven’s Progressive Matrices (RPM) is a nonverbal intelligence test based on relational
rule learning. We previously reported a modified RPM (mRPM) task for pigeons by simplifying
the relational rules and procedure (Flaim & Blaisdell, 2021). Pigeons were trained to detect a
change in size or orientation using a successive or Go/No-Go procedure, where one display was
presented at a time. Pecking a display with the rule-based transformation resulted in a food
reward, while pecking at other displays were not. This mMRPM was successful at revealing
individual differences in the rate of acquisition and transfer, but there were potential issues with
the procedure. Subjects trained longer when learning the change in orientation, indicating it was
more difficult than the size change. Ideally both rules would be equally difficult, so for this
procedure a change in luminosity was used instead of a change in orientation. A successive
procedure could rely on a mental representation of the reinforced displays, which could make
rules more difficult to learn. A simultaneous choice procedure was used instead, where a
reinforced display was always presented with a nonreinforced display. These changes did not
make the procedure more sensitive to individual differences, but the results have implications for

successive and simultaneous choice tasks.

Introduction
Abstract reasoning, the ability to flexibly apply a rule to a novel situation or stimulus, is

commonly assessed in human intelligence tests (Carroll, 1993). One procedure that evaluates
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abstract reasoning is the Raven’s Progressive Matrices (RPM; Raven, 2003) which assess an
individual’s ability to apply relational rules. In the RPM, participants are presented with a series
of partially completed matrices. Each 3x3 matrix is filled with elements except for the lowest
right cell. Elements vary from each other according to one or more relational rules, such as
transforming the shape, texture, pattern, etc., of each element. A set of options are provided, but
only one that when placed into the empty cell completes the matrix according to the relational
rule or rules (Carpenter, Just, & Shell, 1990). The RPM increases in complexity as the
participant progresses through the problem set, either by increasing the number of rules
controlling the transformations or by making the rules more abstract (Carpenter, Just, & Shell,
1990; Raven, 2003).

We recently adapted the RPM to be suitable for nonhuman animals, specifically the
pigeon (Flaim & Blaisdell, 2021). To modify the RPM (mRPM) for pigeons we reduced it to a
2x2 matrix, simplified the relational rules, and implemented a gradual discrimination training
procedure. Pigeons were trained on two rules, one involving a size transformation and the other
an orientation transformation. Subjects were initially trained with just one rule, with stimuli
presented in one row or column of the matrix (Figure 2.1). Instead of using a multiple-choice
procedure as for with humans, pigeons were trained on a successive discrimination procedure
(a.k.a. a Go/No-Go procedure). On each trial, the pigeon was presented with a single matrix
containing two elements. If the elements were transformed according to the relational rule in
effect during training (e.g., a size change), then pecking at the matrix would be followed by
delivery of a food reward. If the elements of the matrix did not involve a relational
transformation, then pecking at the matrix was not rewarded. Thus, correctly transformed

matrices served as S+ displays, and the remaining matrices were S- displays. Once pigeons had
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reached a predetermined criterion of discrimination performance with a specific rule, they were
presented with displays containing elements of novel shapes and/or colors to assess the degree of
relational transfer. As with humans on a conventional RPM task, individual pigeons differed in
transfer performance, ranging from full transfer, to partial transfer, to no transfer. Pigeons then
received discrimination training on the other relational rule, followed by transfer tests.

Our results revealed strong individual differences across pigeons in both the ability to
acquire discriminative control by relational rules and in the transfer these rules to novel
elements. For example, individual pigeons differed in the number of sessions needed to reach
criterion. They also differed in transfer performance to displays containing novel elements. We
computed a single metric by which to rank-order all pigeons in their relational ability, similar to
how the RPM provides a single score by which to rank individual human performance. In
addition to uncovering individual differences in relational ability, we also found differences in
how difficult each rule was for pigeons, with the orientation transformation being more difficult
than the size transformation. Most pigeons required more training sessions to reach criterion on
the orientation rule discrimination, with many pigeons never reaching criterion. Thus, the
orientation rule was less sensitive to individual differences and therefore not as useful as the size
change rule.

The aim of the current experiment was to develop a simultaneous mRPM procedure for
the pigeon. The successive discrimination procedure previously used requires the comparison
between S+ and S- displays to take place across trials, which may tax memory (Cook, Kelly, &
Katz, 2003; Flaim & Blaisdell, 2021). Furthermore, not every trial of a successive discrimination
procedure provides an opportunity for reinforcement. Reinforcement is only available on S+

trials, but never on S- trials. This poses the additional challenge of requiring the pigeon to inhibit
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pecking on S- trials. These features of a successive discrimination procedure may have made the
discrimination more difficult to learn. The simultaneous discrimination procedure used in the
current study, however, allows the pigeon to directly compare the S+ to an S- display, which
may make the discrimination easier to learn by reducing the burden on memory and avoiding the
need to inhibit pecks to the S- display given that the S+ display was simultaneously available and
could provide reward if pecked. Another change we adopted for the simultaneous mRPM
procedure was to implement a correction procedure for the first 16 trials. In a correction
procedure, if the pigeon selects the S-, the trial is repeated until the S+ is selected.

Furthermore, we replaced the orientation change rule with a luminosity change rule.
Other research has shown that pigeons detect changes in luminosity in a discrimination
procedure (Wills & Mackintosh, 1999). Despite the reasoning that led to the development of a
simultaneous mRPM task, our results indicate that these changes were less successful at
capturing individual differences in performance. We discuss the implications for the differences

in successive and simultaneous choice procedures.

Method

Subjects

Eleven homing pigeons (Columba livia) from Double T farm served as subjects. Three of
the subjects were 16 years old (Hawthorne, Dickinson, and VVonnegut), while the remaining
subjects were 2 years old (n = 8; Mario, Luigi, Wario, Waluigi, Peach, Bowser, Yoshi, and Shy
Guy) at the start of the experiment. Within the older subjects, one was female (Dickinson) and
within the younger subjects two were female (Mario and Waluigi). Groups were counterbalanced
as much as possible with respect to age and experience. The older subjects had participated in a

wide variety of behavioral experiments, but the current procedures were selected to minimize
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transfer from prior experiences. The younger subjects had received instrumental training to peck
at a touchscreen. Half of the younger subjects were naive to any experiment (n = 4), while the
other half were briefly trained with the same procedure as described in this manuscript, but with
an orientation transformation. All subjects were maintained at 80% of their free-feeding weight,
but were allowed free access to water and grit while in their home cages. Testing occurred at
approximately the midpoint of the light portion of the 12-hour light-dark cycle. All procedures

were approved by the UCLA Institutional Review Board.

Apparatus

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38
cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. The bottom edge of the viewing window was 13 cm above the chamber floor.
Pecks to the monitor were detected by an infrared touchscreen (Carroll Touch, Elotouch
Systems, Fremont, CA) mounted on the front panel. A food hopper (Pololu, Robotics and
Electronics, Las Vegas, NV) was located in the center of the front panel, its access hole flush
with the floor. The food hopper contained a mixture of leach grain pigeon pellets and seed
(Leach Grain and Milling). All experimental events were controlled and recorded with a Pentium
I11-class computer (Intel Santa Clara, California). A video card controlled the monitor in the
SVGA graphics mode (800 x 600 pixels). Stimuli were presented using the coding language

Python (Python Software Foundation, https://www.python.org/) and the extension PsychoPy

version 3.0.3 (Peirce, 2007).
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Stimuli

A white circle measuring 35 pixels in diameter served as a ‘ready’ stimulus. The matrix
consisted of four black squares separated by a light gray line. Each square was 99 x 99 pixels and
the line between the squares was 200 x 1 pixels. The matrices were 1.9 cm away from the left
and right screen edge and 7.62 cm away from the top and bottom of the screen edge. The right
edge of the left hand matrix was 13.97 cm to the left of the left edge of the right hand matrix.
Visual items could be presented in the cells of the matrix. The set of items included four shapes,
a rectangle (42 x 81 pixels), equilateral triangle (77 x 68 pixels), right facing arrow (76 x 66

pixels) and heart (91 x 81 pixels). Each shape could appear in red, blue, yellow, or green.
Matrix Displays

The matrix displays could have items presented in two or four of the cells of the matrix.
If there were two items in the matrix, they could only be presented along the row or column of
the matrix, never along the diagonal. Items could appear in the top or bottom row, or in the left
or right column. The transformed stimulus could be in the left or right, top or bottom position of
the pair. The partially-filled matrices had three types of displays, S+, SUf-, and S'- and the items
inside the S+ matrix could be transformed via a size or luminosity change. The display types,
other than the luminosity rule itself, are identical to what is described in Flaim and Blaisdell
(2021), but they will be described here briefly.

For the luminosity change rule, the S+ display consisted of presenting one of the shapes
in a lighter shade relative to the other darker shape (e.g., Figure 2.1a). The S'- display was
similar to the S+ display except that both shapes were presented in the same shade (e.g., both

light or both dark, Figure 2.1b). The S%™- display consisted of two different shapes each in a
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different color (Figure 2.1c). However, the two different shapes were either both light or dark,
thus while the two shapes inside the matrix underwent a change, it was not the relevant change.
For the size change rule, the S+, S'%-, and S¥™"- displays were similar except that instead
of a relational rule involving different shades of the same color, the relational rule involved a
size change of 50%, with one item being larger than the other for S+ displays, (See Figure 2.1,

panels d-f).
Procedure

First rule training.

Each subject was trained on a partially completed matrix that consistently showed the
same rule along the same axis. The groups for each rule presentation were denoted by whether
the items were in the row or column and what the rule was. This resulted in four groups,
luminosity-column (n = 3; Hawthorne, Yoshi, and Shy Guy), luminosity-row (n = 3; Mario,
Luigi, and Dickinson), size-column (n = 2; Wario and Waluigi), and size-row (n = 3; Peach,
Bowser, and VVonnegut). All of the subjects in the luminosity-row group and one subject in the
luminosity-column group, Yoshi, were briefly trained with an orientation change rule. The
orientation rule is described in Flaim and Blaisdell (2021) and was presented along the same axis
as their group assignment for this experiment. The procedure for learning the orientation change,
however, was as described in this manuscript.

Pigeons received one session per day, five days a week, with each session consisting of
128 trials. Each trial was initiated by a single peck to the ready stimulus. Once the trial was
started, two matrices were presented on the left and right side of the screen. One of the matrices
was always an S+ while the other could be an S%™- or S'%-, resulting in two trial types, ‘Different’

and ‘Identical’. The S+ was presented alongside each type of S- matrix an equal number of times
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per session. The side of the screen on which matrices were presented was counterbalanced, so
each type of matrix appeared equally often on each side of the screen. During training, the items
inside the matrix could be the equilateral triangle or rectangle in red or blue. When the pigeon
completed four consecutive pecks (Fixed-Ratio 4, or FR4) to one of the matrices, the trial was
terminated. Pecks to the other matrix display would reset the peck requirement. There was no
time limit to complete this peck requirement outside of the session length. If the pigeon
completed the peck requirement to the S+ display, the food hopper was illuminated and the
pigeons could access the food hopper for 3-s. If the pigeon completed the peck requirement to
the S-, the trial was terminated, and the 1-s intertrial interval (ITI) began.

During the first 16 trials, a correction procedure was implemented, where the subject
would repeat the trial until they completed the peck requirement to the S+, including the peck to
the start stimulus and the ITI. In the first and last 16 trials of a session, completing the peck
requirement to the S+ always resulted in a food reward. Within the remaining 112 trials,
however, 16 of the trials were not reinforced, even if the pigeon completed the peck requirement
to the S+. This was to prevent disruption for future non-rewarded probe trials. Trials were
organized into 18-20 blocks and each block had two or four randomly placed nonreinforced
trials. The maximum number of consecutively nonreinforced trials was eight, but the
randomization made such an event unlikely. Nonreinforced trials were equally distributed across
trial type (S'- or SUf.), item type (rectangle or triangle, blue or red) and location (left or right of
the midline).

Selection of the S+ was calculated separately for each trial type, when the S+ was

presented with the S'9- or S, Training continued until subjects reached criterion, 80% accuracy
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for both trial types on two consecutive sessions, or until subjects had received 100 sessions of

training. Then subjects were given transfer tests with novel displays.

Transfer testing.

When subjects reached criterion or reached 100 sessions of training, they received
transfer test sessions. Each transfer session had 112 reinforced baseline trials with the same
displays and reinforcement contingency as in training, eight nonreinforced baseline trials, and
eight nonreinforced novel probe trials for a total of 128 trials in each session, equally distributed
between the display types. Nonreinforced trials could not appear in the first or last 16 trial block.
Subjects received a total of five transfer sessions. If transfer sessions were separated by 72 hours,
subjects received another training session without probe trials before continuing with the
remaining transfer sessions.

Probe displays contained a novel shape (right facing arrow or heart), a novel color
(yellow or green), or both. Probe trials only compared a probe S+ to a probe S¥*- or S'-,
Subjects never had to choose between a baseline S+ and a probe S+. Similarly, pigeons never

had to make a choice between a probe S+ and baseline S- or a baseline S+ and a probe S-.

Second rule training and transfer testing.

After transfer testing for the first rule learned, subjects were trained with the other rule
presented along the other axis they had not been exposed to. For example, if a subject was in the
size-row group during the first rule training, they would now be in the luminosity-column group.

Training and testing on the second rule proceeded as described above.

66



Data Analysis

Sessions were only included in the analysis if the subject advanced through at least 30
trials. A session with less than 30 trials indicated either a computer error or low motivation.
Correction trials were not analyzed or counted towards session inclusion criteria. The number of
sessions excluded for each subject is detailed in Table 2.1. Training data were analyzed in 5-
session blocks. Accuracy was calculated for each trial type. Number of sessions to criterion for
each rule was used to determine if there were order effects. Effects were collapsed across
presentation axis (i.e., horizontal and vertical) to maintain sufficient power for analyses.
Additionally, previous research indicated that presentation axis did not impact performance
(Flaim & Blaisdell, 2021). Testing data were analyzed across all transfer sessions. During
transfer sessions, only the accuracy during the nonreinforced baseline trials was compared to

probe trials. Data were analyzed using JASP, version 0.14.1 (JASP Team, 2020).

Results

First Rule Acquisition and Transfer Testing

All subjects in the luminosity groups (n = 6) received the maximum duration of training,
20 5-session blocks, without reaching criterion (Figure 2.2a). For most subjects this was due to
worse performance when discriminating the S+ from the S'%-. All pigeons in the size group
reached criterion (Figure 2.2b). For the two subjects in the size-column group, Wario reached
criterion in eight blocks, while Waluigi reached criterion in 14 blocks. For the three subjects in
the size-row group, Peach reached criterion in five blocks, Bowser in 10, and Vonnegut in 11. To
compare the number of sessions during training between the luminosity and size groups, variance

was artificially created for the luminosity group by adding or subtracting 0, 10, 15, or 20. These
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numbers were selected to create equal variance across the luminosity and size groups, while
maintaining a median value of 100 for the luminosity group. Lavene’s test showed that variance
was not significantly different across groups (F (1) = 0.31, p = .59). A nonparametric Mann-
Whitney U test indicated that subjects in the luminosity group experienced significantly more
sessions (Mdn = 100, SD = 18) compared to subjects in the size group (Mdn =49, SD = 18.38),
U =30, p=.008.

In the luminosity group, even though no subjects reached criterion during training,
performance was variable across subjects during transfer sessions (Figure 2.3a). A one-tailed
binomial test was used to determine the probability of correct choices was greater than chance, or
.5, for the nonreinforced baseline trials and probe trials for each trial type. None of the subjects
performed greater than chance on the probe trials, but three of the subjects (Hawthorne,
Dickinson, and Mario) performed significantly better than chance on the nonreinforced baseline
trials despite not reaching criterion during training (Table 2.2).

In the size group, all subjects reached criterion during training, but performance on the
novel probes during transfer sessions was uniformly low (Figure 2.3b). Again, using a one-tailed
binomial test, almost all subjects performed significantly better than chance on the nonreinforced
baseline trials, but none of the subjects performed better than chance on the probe trials (Table

2.3).

Second Rule Acquisition and Transfer Testing

Almost all of the subjects that had first trained on the luminosity rule reached criterion on
the size change rule (Figure 2.4a). The subject that did not reach criterion, Hawthorne, was in the
size-row group. Hawthorne had a 4-month break in training after completing 61 sessions due to

COVID-19 safety related restrictions. For the other two subjects in the size-row group, Yoshi
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reached criterion after 16 blocks of training, while Shy Guy reached criterion in 6 blocks. For the
subjects in the size-column group, Dickinson reached criterion in 8 blocks, Mario in 4, and Luigi
in 9 (Figure 2.4a).

For the subjects that had first been trained on the size change rule, approximately half
reached criterion on the luminosity change rule (Figure 2.4b). The two subjects in the
luminosity-row group, Wario and Waluigi, received the maximum duration of training without
reaching criterion. Similar to Hawthorne, Waluigi had a 4-month break in training after
completing 86 sessions. The other subject in the luminosity-row group, Wario, did not have a
break in their training, but still did not reach criterion with the maximum duration of training. In
the luminosity-column group, Peach and Bowser reached criterion in 12 blocks of training, while
Vonnegut reached criterion in 14 (Figure 2.4b). Since subjects showed more variability in the
amount of training received and Levene’s test did not indicate a significant difference in the
variance across groups (F (1) = 0.53, p = .485), the data were not transformed. A nonparametric
Mann-Whitney U test did not show a statistically significant difference in the number of sessions
experienced in the size (Mdn = 39, SD = 29.7) and luminosity (Mdn = 69, SD = 20.18) groups, U
=6, p=".116.

For subjects who learned the size rule second, even though most subjects reached
criterion, performance on the probe trials was consistently poor (Figure 2.5a). A One-tailed
binomial test indicated that most subjects performed significantly better than chance on baseline
trials, but none of the subjects performed better than chance on the probe trials (Table 2.4). A
similar result was found for the subjects that learned the luminosity rule second (Figure 2.5b). A

one-way binomial test indicated that most subjects performed significantly better than chance on
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baseline trials, including the subjects that did not reach criterion. Yet, similar to the previous

results, no subject performed significantly better than chance on the probe trials (Table 2.5).

Order or Rule Effects

To determine if the order in which each rule was learned had an impact on the number of
sessions needed to reach criterion, performance on one rule was compared to the group that
learned it first to the group that learned it second. To compare the luminosity groups, the data
from the group that learned it first has variance added to it, similar to what was described above,
and Levene’s test showed there was no significant difference in the variance, F (1) = 0.033, p =
.9. A Mann-Whitney U test indicated there was no significant difference in the number of
sessions experienced between the group that learned the luminosity rule first (Mdn = 100, SD =
20) and the group that learned it second (Mdn = 69, SD = 20.18), U = 24, p = 0.118.

A similar result was found for the size rule. Levene’s test showed there was no significant
difference in the variance, F (1) = 1.346, p = .276, and a Mann-Whitney U test indicated that
there was no significant difference in the number of sessions experienced for the group that
learned the size change first (Mdn =49, SD = 18.38) and the group that learned it second (Mdn =
39, SD =29.7), U =18, p = .647.

Because there were no significant differences in the number of sessions experienced
based on the order in which each rule was learned, data were collapsed across training order to
determine if there was a significant difference in how many sessions were experienced for the
luminosity versus the size change rule. A Wilcoxon signed rank test indicated that subjects
received significantly more sessions of training on the luminosity rule (Mdn =100, SD = 17)

compared to the size rule (Mdn =40, SD = 24), U =55, p = .006.
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Discussion

The goal of this experiment was to increase the sensitivity of the mRPM described in
Flaim and Blaisdell (2021). One of the changes in this experiment was to replace the orientation
relational rule with a luminosity relational rule. Unfortunately, pigeons failed to acquire
discriminative control by the luminosity rule. Subjects experienced significantly more training
sessions for the change in luminosity compared to the change in size, with none of the subjects
trained on the luminosity rule first reaching criterion, and only 3 of 5 pigeons trained on the
luminosity rule second reaching criterion. This indicates that the luminosity change was more
difficult to discriminate. The uniformly poor performance for the luminosity change rule
suggests not including it in assessments of individual differences in relational control of
behavior. The variability in how many sessions were experienced with the size change rule,
along with the fact that 10 out of 11 pigeons reached criterion during training, however, indicates
that this is still a useful discrimination for assessing individual differences in relational control of
behavior.

The primary difference from the procedure of Flaim and Blaisdell (2021) was the use of a
simultaneous choice task instead of a successive discrimination procedure. The successive
procedure was successful in revealing individual differences in the number of sessions to reach
criterion and how performance transferred to novel probes (Flaim & Blaisdell, 2021). While the
choice procedure used here revealed individual differences in the number of sessions required to
reach criterion for the size change rule, performance was uniformly poor on novel probes. None
of the subjects showed evidence that they had learned a relational rule that could be flexibly

applied to novel stimuli. This contrasts markedly with the results from Flaim and Blaisdell using
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the successive discrimination procedure, where 3 out of 5 of the pigeons that reached criterion on
the size change rule showed above chance transfer to novel stimuli.

The mRPM is not the first task in which different patterns of transfer were reported for
successive versus simultaneous procedures. The properties of stimulus class formation,
specifically symmetry, have shown similar results (Frank & Wasserman, 2005; Urcuoli, 2008).
In these experiments, pigeons were first shown a sample stimulus. After completing an observing
response to the sample, pigeons are then presented with one or more comparison stimuli.
Subjects are trained to choose the comparison that matches the sample. For example, if the
sample is a red circle, the subject should select the red circle comparison, and not the green circle
comparison stimulus. Subjects are also trained to ‘arbitrarily’ match, so during this phase if the
sample was a red circle, subjects should select the comparison that is a horizontal line and not a
vertical line (a.k.a, a conditional discrimination or symbolic match to sample). Using the
conditional discrimination procedure, pigeons demonstrate symmetry if they can spontaneously
reverse the associated pair, such that if the sample is a horizontal line, then the pigeon should
select the red circle comparison. If pigeons receive training using the simultaneous presentation
of the sample and comparisons, they do not demonstrate symmetry. If, however, pigeons receive
training on a successive presentation of the sample and comparison(s), they do demonstrate
symmetry (Frank & Wasserman, 2005; Urcuioli, 2008). While a theory has been developed to
explain why a successive procedure will result in symmetrical matching, it is not clear how such
a theory could explain the difference in transfer performance on the mRPM (Urcuioli, 2008).

Our study involves training pigeons on a relational rule, where the relation, such as a size
change or a change in illumination, between stimulus elements defines the rule. There is a long

history of studying relational control of behavior in animals, such as pigeons and rats. Most of
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these prior studies, however, use the transposition task, where the subject is reinforced for
selection the larger or brighter (or smaller or dimmer) of two stimuli. In these transposition
experiments, it has generally been found that simultaneous presentation of the S+ and S- leads to
more rapid acquisition of the discrimination, as well as greater transfer to stimuli extrapolated
along the same dimension (e.g., by choosing a test stimulus that is larger (smaller) or brighter
(dimmer) than the S+) than does a successive presentation of S+ and S- on separate trials (see
Wills & Mackintosh, 1999, for a demonstration in pigeons and review of the literature in rats).
While both involve stimulus control by an intradimensional relational change, there are a number
of differences, however, between transposition experiments and our mRPM procedure. Our
procedure involves selecting a stimulus display (the matrix) that contains two elements that
exemplify the relational rule (e.g., choose the matrix where one of the pair of stimuli is larger
than the other), whereas transposition experiments require the subject to select one of the
elements over the other (e.g., choose the larger stimulus). In transposition experiments, the S- is
an element on the same dimension as the S+, whereas in the mRPM, the S- is a pair of identical
stimuli, or a pair of stimuli that differ on a number of factors (e.g., color and shape). Finally,
transposition experiments assess transfer to novel stimuli that are the same as the S+ and S-, only
above or below the S+ along the dimension of relational control. Our procedure, on the other
hand, involves transfer of the same relational rule to pairs of stimuli that differ in non-relevant
dimensions, such as novel colors and shapes. Thus, it is difficult to pinpoint what the cause is of
the simultaneous procedure leading to better stimulus control in a transposition task, whereas the
successive procedure leads to better stimulus control in the mRPM task.

While there has not been a systematic investigation on how the use of a simultaneous

versus successive procedure could be impacting performance, there are interesting implications if
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this pattern is replicated with additional relational learning procedures. There would need to be a
more general theory as to why successive procedures improve transfer performance in certain
tasks, whereas simultaneous procedures improve transfer in others. One possibility is that during
a successive procedure, the subject has to compare the stimulus presented on the screen to a
memory of previously reinforced S+ and nonreinforced S- stimuli. Memories are often
imprecise, due to the failure to fully encode the stimulus, the inability to maintain a precise
representation, and/or retrieving incorrect memories resulting in confusion errors (Jasnow,
Cullen, & Riccio, 2012; Wright, Kelly, & Katz, 2018). An incomplete S+ memory could still
result in accurate pecking behavior, during training and transfer tests, if the memory contains the
relevant information (the transformation rule) instead of the irrelevant information (shape, color,
and location of stimuli within the matrix). In fact, this incomplete representation that only
contains the relevant information could result in better transfer, compared to having a more
detailed mental representation containing both relevant and irrelevant information.
Computational models that use a few, ‘best’ predictors transfer to novel situations better than
models that use all cues present (Hertwig & Todd, 2003). Successive procedures could result in
an incomplete, but selective, mental representation that transfers well to novel stimuli, while
simultaneous procedures could result in a more detailed representation, containing both relevant
and irrelevant details, that does not transfer well.

While this experiment was ultimately unsuccessful at increasing the sensitivity of the
MRPM procedure, there are two important results. First, learning a relational size rule was still a
viable method to assess individual differences in relational learning. Second, successive
procedures may result in more robust transfer to novel stimuli compared to simultaneous

procedures, at least for versions of the mRPM task. This procedural difference could have major
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implications when assessing the cognitive abilities of pigeons and the underlying neurobiological

correlates.
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Figure 2.1. The top row is an example of an S+, S'-, and S%™- display for the luminosity-column
group. The second row is an example of an S+, S'-, and SU™- display for the size-row group.
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Figure 2.2. Acquisition data for the first rule, with panel a showing the luminosity rule and panel
b showing the size rule. The dotted line indicates chance performance and the solid line indicates
criterion level of performance, accuracy of 0.8. The vertical line separates the groups based on
the presentation axis. Data were blocked by 5 sessions, which may obscure criterion level
performance.
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Figure 2.3. Performance on transfer sessions for the first rule learned, with panel a showing the
luminosity rule and panel b showing the size rule. The dotted line indicates chance level of
performance and the solid horizontal line indicates criterion level of performance, accuracy of
0.8. The solid vertical line separates the groups based on the presentation axis. Data were
blocked by 5 sessions, which may obscure criterion level performance.
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Figure 2.4. Acquisition data for the second rule, with panel a showing the size rule and the panel
b showing the luminosity rule. The dotted line indicates chance performance and the solid line
indicates criterion level of performance, accuracy of 0.8. The vertical line separates the groups
based on the presentation axis. Data were blocked by 5 sessions, which may obscure criterion
level performance
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Figure 2.5. Performance on transfer sessions for the second rule learned, with panel a showing
the size rule and the panel b showing the luminosity rule. The dotted line indicates chance level
of performance and the solid horizontal line indicates criterion level of performance, accuracy of
0.8. The solid vertical line separates the groups based on the presentation axis.
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Sessions Excluded

First Rule  Second Rule

Subjects Luminosity Size

Hawthorne 3 2
Yoshi 1 0
Shy Guy 5 5
Mario 11 1
Luigi 11 2
Dickinson 9 0

Size Luminosity

Wario 9 0
Waluigi 25 7
Peach 2 1
Bowser 2 1
Vonnegut 3 9

Table 2.1. Number of sessions excluded for each subject for each rule learned. Sessions were
excluded if the subject completed less than 30 trials, not including correction trials.
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Luminosity

AXis Subject Trial Type Display Type n k p
Column Hawthorne Different Probe 20 13 13
Identical Probe 20 11 41
Different Baseline 20 16 >.01
Identical Baseline 20 12 .25
Column Yoshi Different Probe 20 9 .75
Identical Probe 20 11 A1
Different Baseline 20 7 .94
Identical Baseline 20 10 5
Column Shy Guy Different Probe 19 8 .82
Identical Probe 19 8 .82
Different Baseline 19 13 .08
Identical Baseline 19 11 .32
Row Dickinson  Different Probe 20 13 A3
Identical Probe 20 12 .25
Different Baseline 20 20 >.01
Identical Baseline 20 16 >.01
Row Mario Different Probe 20 10 5
Identical Probe 20 8 .87
Different Baseline 20 19 >.01
Identical Baseline 20 14 .06
Row Luigi Different Probe 20 10 5
Identical Probe 20 8 .87
Different Baseline 20 13 A3
Identical Baseline 20 12 .25

Table 2.2. The binomial test results during transfer session when a change in luminosity was the
first rule learned, where n is the number of trial and, k is the number of correct choices. The
probability of the number of correct choices being greater or equal than reported out of the
number of total trials was tested against a probability of 0.5.
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Size

AXis Subject  Trial Type Display Type n k p
Column Wario Different Probe 20 8 .87
Identical Probe 20 9 75
Different Baseline 25 25 >.01
Identical Baseline 15 13 .01
Column Waluigi  Different Probe 16 6 .89
Identical Probe 16 3 .99
Different Baseline 16 9 4
Identical Baseline 16 13 .01
Row Peach Different Probe 20 6 .98
Identical Probe 20 12 .25
Different Baseline 15 12 .02
Identical Baseline 25 23 >.01
Row Bowser Different Probe 20 10 .58
Identical Probe 20 9 75
Different Baseline 20 18 >.01
Identical Baseline 20 19 >.01
Row Vonnegut Different Probe 16 5 .96
Identical Probe 16 6 .23
Different Baseline 16 12 .04
Identical Baseline 16 16 >.01

Table 2.3. The binomial test results during transfer session when a change in size was the first
rule learned, where n is the number of trial and, k is the number of correct choices. The
probability of the number of correct choices being greater or equal than reported out of the
number of total trials was tested against a probability of 0.5.
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Size

AXis Subject Trial Type Display Type n k P
Row Hawthorne Different Probe 15 7 v
Identical Probe 15 6 .85
Different Baseline 16 10 .23
Identical Baseline 16 14 >.01
Row Yoshi Different Probe 20 8 .87
Identical Probe 20 13 13
Different Baseline 20 14 .06
Identical Baseline 20 18 >.01
Row Shy Guy Different Probe 15 9 3
Identical Probe 15 9 3
Different Baseline 14 11 .03
Identical Baseline 16 13 .01
Column Dickinson Different Probe 20 14 .06
Identical Probe 20 8 .87
Different Baseline 21 18 >.01
Identical Baseline 19 15 .01
Column Mario Different Probe 20 10 5
Identical Probe 20 8 .87
Different Baseline 20 19 >.01
Identical Baseline 20 14 .06
Column  Luigi Different Probe 20 12 25
Identical Probe 20 6 .94
Different Baseline 21 13 19
Identical Baseline 19 18 >01

Table 2.4. The binomial test results during transfer session when a change in size was the second
rule learned, where n is the number of trial and, k is the number of correct choices. The
probability of the number of correct choices being greater or equal than reported out of the
number of total trials was tested against a probability of 0.5.
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Luminosity

AXis Subject  Trial Type Display Type n k p
Row Wario Different Probe 19 13 .08
Identical Probe 19 8 .87
Different Baseline 19 19 >.01
Identical Baseline 19 17 >.01
Row Waluigi  Different Probe 20 11 41
Identical Probe 20 11 41
Different Baseline 20 19 >.01
Identical Baseline 20 16 >.01
Column Peach Different Probe 20 12 .25
Identical Probe 20 10 .5
Different Baseline 20 15 .02
Identical Baseline 20 14 .06
Column Bowser Different Probe 20 9 75
Identical Probe 20 13 A3
Different Baseline 20 19 >.01
Identical Baseline 20 15 .02
Column Vonnegut Different Probe 20 8 .87
Identical Probe 20 10 .5
Different Baseline 20 17 >.01
Identical Baseline 20 17 >.01

Table 2.5. The binomial test results during transfer session when a change in luminosity was the
second rule learned, where n is the number of trial and, k is the number of correct choices. The
probability of the number of correct choices being greater or equal than reported out of the
number of total trials was tested against a probability of 0.5.
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Chapter 3: Assessing Associative Learning Using the Symbolic Match to
Sample Task

Abstract

Intelligence research in humans has consistently shown that performance positively
correlates across almost all cognitive tasks. Despite the long history of intelligence research, how
associative learning relates to intelligence has only been investigated recently. More complex
measures of associative learning are related to intelligence, while simpler measures are not. In
animals, associative learning has also been shown to be related to general cognitive abilities or
intelligence, but only simple measures have been used. This experiment uses the symbolic or
arbitrary match to sample task with four unique pairs as a complex associative learning task
more similar to what has been used in human research. This task is sufficiently sensitive to
individual differences in performance to be incorporated into a cognitive test battery for pigeons.
Our results indicate that this task could also be used to investigate reliability and age-related

declines of cognitive performance.

Introduction

When people are given a diverse battery of cognitive tests, performance positively
correlates across the measures, meaning that if a person performs well in one task, they are likely
to perform well in another (Carroll, 1993; Deary, 2000). This consistent performance across
tasks is within-subject reliability, but there are differences in performance across subjects or
between-subject variability. If a dimension reducing technique, like factor analysis or principal
component analysis, is applied to the positive correlational matrix, it will extract one factor that
can account for approximately half of the variance in performance between people. In addition,

all tasks load onto this factor, meaning that performance on the task can be accounted for by the
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factor. This factor is called g due to the way it is generally related to almost all cognitive tasks
(Carroll, 1993; Deary, 2000; Spearman, 1904). g is highly related to the concept of intelligence
since they are both related to individual differences in cognitive performance. While intelligence
does not have a universally accepted definition, definitions typically include the ability to
achieve goals and behave optimally in a wide variety of environments or situations (Legg &
Hutter, 2007). One definition of optimal behavior includes maximizing the number of rewards
received with the least amount of effort (Legg & Hutter, 2007; Mettke-Hofmann, 2014; Zentall,
2015). Associative learning, learning the contingency between stimuli or stimuli and responses,
is a key factor in guiding optimal behavior (Heyes, 2012; Mettke-Hofmann, 2014; Veksler et al.,
2104; Wasserman & Miller, 1997). Even though individual differences in associative learning
are thought to be involved in, or serve as a marker of intelligence, support for this relationship is
relatively new (Alexander & Smales, 1997; Kaufman et al., 2009; Tamez et al., 2008; Williams
& Pearlberg, 2006; but see Harootunian, 1966). Initial investigations of associative learning and
intelligence in humans found no differences across groups known to differ in cognitive abilities
(Stevenson & Zigler, 1957), and broader investigations of learning ability showed weak to
negative correlations with performance on intelligence tests (Woodrow, 1946). One reason why
these early investigations between learning and intelligence failed to show a relationship is due
to the simple tasks used to assess learning, like responding to one size of a block (Stevenson &
Zigler, 1957). More recent experiments have identified a relationship between g and task
complexity; the more complex the task, the more it will load onto g (Marshalek et al., 1983;
Sheppard & Vernon, 2008; Stankov & Crawford, 1993). The more complex associative learning
procedures that have shown a relationship to g are word-pairs (Alexander & Smales, 1997) and

the three-term contingency task (Kaufman et al., 2009; Tamez et al., 2008; Williams &
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Pearlberg, 2006). Both of these tasks involve simple words, typically 1 syllable or three letters,
that are semantically unrelated to each other. In word-pairs, participants are first shown a word
that serves as the cue, then the second word is shown, pairing these words together. At test, they
are shown the cue word and the participant must recall the second word to correctly complete the
pair. The list can vary from 12 to 30 pairs of words (Alexander & Smales, 1998; Kaufman et al.,
2009). In the thee-term contingency task, participants are first presented with a word that serves
as a cue and three response keys. Pressing each response key reveals a different word. At test,
participants are shown the cue word and must type the word associated with each response key
(Kaufman et al., 2009 Tamez et al., 2008; Williams & Pearlberg, 2006). Performance on these
tasks is positively correlated with performance on intelligence tests, showing that associative
learning ability is positively related to g (Alexander & Smales, 1997; Kaufman et al., 2009;
Tamez et al., 2008; Williams & Pearlberg, 2006).

While intelligence research in humans has been ongoing for over a century, general
cognitive abilities have only been recently investigated in nonhuman animals (hereafter animals;
Flaim & Blaisdell, 2020). A variety of animals, including mice (Kolata et al., 2008), robins
(Shaw et al., 2015), spotted bowerbirds (Isden et al., 2013), and magpies (Ashton et al., 2018),
have been given test batteries that assess a wide range of cognitive abilities. Typically, these test
batteries include a simple measure of associative learning, where one stimulus is followed by a
food reward and another stimulus is not, in addition to other measures of memory, inhibition, and
problem solving (Ashton et al., 2018; Kolata et al., 2008; Isden et al., 2013). Similar to what is
seen in humans, performance typically correlates across tasks and one factor extracted can
account for 22-64% of the variance in performance across subjects (Flaim & Blaisdell, 2020).

Associative learning loads onto this factor, similar to what has recently been seen in people.
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These results indicate that intelligence has similar properties across species, but it is difficult to
say conclusively because of the differences in the cognitive test batteries. The associative
learning tasks administered to animals are very simple compared to what is given to humans, yet
they still load onto the general factor extracted. The positive loading seen in animals may be due
to their inexperience with experimental procedures since novelty can also increase a task’s g
loading (Carroll, 1993; Sternberg & Gastel, 1989). Only experimentally-naive animals have been
given this simple associative learning task, so the unnatural apparatus and stimulus-outcome
contingencies may be sufficiently novel for the task to load onto the g factor (Ashton et al., 2018;
Isden et al., 2013; Matzel et al., 2003; Shaw et al., 2015). Therefore, these results could indicate
that novelty is related to g for human and animals, strengthening the idea that the same factor is
being extracted across species. Yet, if the general intelligence found in animals is the same as
what is found in humans, we should also see a relationship between complexity and intelligence.
It would be impossible to administer the exact same complex associative learning task to
humans and animals since animals do not have the same capacity for language. It is possible,
however, to use other rich, but distinctive stimuli paired together in a similar, arbitrary manner as
in the word-pairs task. Using complex visual stimuli, such a task has already been established for
the pigeon, the symbolic or arbitrary match to sample (SMTS; Rodewald, 1974, Velasco et al.,
2010). The SMTS task has been primarily used to explore stimulus class formation (Urcuioli,
2015), but the goal for our experiment was to determine if the SMTS has sufficient variability in
performance to be incorporated into a cognitive test battery for the pigeon. In the SMTS
procedure, the subject is first shown a sample stimulus. When the subject completes the peck
requirement to the sample, two comparison stimuli appear. One of the comparison stimuli is

followed by a food reward when selected (e.g., pecked) while the other is not. Pictures of foods
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and animals from the food-pics database (Blechert et al., 2015) were used as the stimulus set
where one category consistently served as the sample while the other category served as the
comparisons. Subjects were trained with 4 stimulus pairs, similar to the word pairs task given to
humans. Subjects were trained on the stimulus pairs until they reached 80% accuracy on all 4
pairs in a single session or until they had been trained for 35 sessions. There was variability in
how many sessions subjects needed to reach criterion, but the age of the subjects may be an

important factor for inclusion in a cognitive test battery.

Method

Subjects

Seventeen pigeons served as subjects. All subjects had been previously trained to eat
from the food hopper. All subjects, except for Wenchang, had prior experience with cognitive
tasks administered via an operant touchscreen. One subject, Estelle, had prior training with a
different version of the SMTS, which did use two of the same stimuli as this experiment. The
two stimuli served a different function and had different pairings compared to the previous
experiment to minimize transfer. Additionally, approximately one year had elapsed between the
two experiments. There were eight females ranging in age from 0.5-18 years old and nine males
ranging in age from 3-18 years old. Pigeons were individually housed in steel home cages with
metal wire mesh floors in a vivarium. They were maintained at 80% of their free-feeding weight,
but were allowed free access to water and grit while in their home cages. Testing occurred at

approximately the midpoint of the light portion of the 12-hour light-dark cycle.

90



Apparatus

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38
cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. The bottom edge of the viewing window is 13 cm above the chamber floor.
Pecks to the monitor were detected by an infrared touchscreen (Carroll Touch, Elotouch
Systems, Fremont, CA) mounted on the front panel. A custom-built food hopper (Pololu,
Robotics and Electronics, Las Vegas, NV) was located in the center of the front panel, its access
hole flush with the floor. The food hopper contained a mixture of leach grain pigeon pellets and
seed (Leach Grain and Milling). All experimental events were controlled and recorded with a
Pentium Il1-class computer (Intel, Santa Clara, California). A video card controlled the monitor
in the SVGA graphics mode (800 x 600 pixels). Stimuli were presented using the 3.6 version of

Python with the psychopy toolbox, version 3.0.3 (Peirce, 2007).

Stimuli

The stimulus set consisted of eight food and eight animal images from the food-pics
database for a total of 16 images (Blechert et al., 2014; Figure 3.1). The food items consisted of a
slice of cupcake, three overlapping strawberries, a sandwich, a salad in a white bowl, a pile of
Brussel sprouts with a basil leaf and carrot stick, a top-down view into a bowl of tortellini
noodles, mixed vegetables consisting of peas, corn kernels, Brussel sprouts, carrots sliced into
discs, a cauliflower floret, and peeled potatoes, and a pile of candies with different colored
exteriors. The animals were a frog, butterfly, bird, fish, penguin, turtle, kitten and elephant. The

image was presented on a white background. The specific values for the images were measured
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and provided by Blechert et al. (2014) and the color composition, intensity, contrast, spatial
layout, and complexity were approximately equal across the animal and food images. Each
picture from one set was assigned to a picture from the other set, for example the kitten was
always paired with the mixed vegetables. The difference in color, intensity, contrast, spatial
layout, and complexity was controlled for within each pair with the intent that no other feature
could be used to perform the task. The stimuli were all square, measuring 120 x 120 pixels. The
background was dark gray during all phases of the trial including delivery of the food reward,

and completely black during the ITI.

Procedure

Autoshaping and instrumental training.

Each subject received one session per day, five days per week. Each session terminated
after the completion of 96 trials or 120 minutes had elapsed, whichever came first. This was
consistent throughout the entire experiment. The images were divided into two categories, foods
and animals. Four images from each category were used to create two training sets of stimuli, set
A and B. Training set A consisted of the elephant, butterfly, bird, fish, candy, Brussel sprouts,
cupcake, and sandwich. Training set B consisted of the penguin, turtle, kitten, frog, salad,
tortellini, mixed vegetables, and strawberries. Ten subjects trained with set A and seven subjects
trained with set B (Table 3.1). The stimuli were consistently presented in three locations,
arranged in a triangular formation (Figure 3.2). The sample location was in the middle of the
screen. The comparisons were shown offset to the left and right of the midline. If a stimulus was
not presented during a trial, the location was marked by a white square outline.

Pigeons were initially trained with a mixed autoshaping and instrumental procedure. All

stimuli from set A or B appeared in the sample, left comparison, or right comparison position an
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equal number of times. Only one stimulus was presented at a time and the other locations were
marked with a white outline (Figure 3.2a). During the first 48 trials, the stimulus was presented
for 10 s. If the pigeon pecked on the stimulus (FR1) the trial would end, then the food port was
illuminated and the hopper was raised for 3 seconds. The food reward delivery was consistent
throughout the duration of the experiment. Pecks within 25 pixels of the outer border of the
stimulus were considered on-target. If the pigeon did not peck within the target region, the food
reward would automatically be delivered after 10 seconds. Pecks to the background or where the
locations were marked by a white outline were neither reinforced nor punished. After food
delivery terminated, there was a 13-s ITI with a black screen. During the last 48 trials, the
stimulus would stay on the screen until the pigeon completed the FR1 peck requirement to the
stimulus; that is, only the instrumental schedule was in place for the last 48 trials of each session.
Once a pigeon was consistently pecking at the stimulus (pecking on the stimulus on 80% of the
trials for 2 consecutive sessions), the autoshaping procedure was discontinued and an
instrumental contingency was enforced for the entirety of each session. During the instrumental
procedure, the stimulus would stay on the screen until the pigeon completed the peck
requirement. The pigeon was trained with an FR1 until it completed the session within 120
minutes. Then the peck requirement was gradually increased from an FR1 using a series of
variable ratio (VR) schedules, starting with VR3 +/- 2 (actual values 1, 2, 3, 4, 5), VR6 +/- 2 (4,
5,6,7,8),then VR +/- 2 (7, 8, 9, 10, 11). Subjects had to finish the session within 120 minutes
on each VR schedule before advancing to the next schedule. When subjects had completed all of
the VR schedules, the number of trials that could be followed with reinforcement was reduced to
72 (75% of trials). Each stimulus in each location was presented without reinforcement once per

session, but never in the first or last block of 24 trials. When subjects completed 2 consecutive
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sessions within 120 minutes on this reduced reinforcement schedule, subjects began the SMTS

task.

Symbolic match to sample.

Each trial had two phases, a sample phase and a choice phase. Which category of images,
food or animal, was used as the sample and which was used as the comparison was
counterbalanced across subjects (Table 3.1). The sample and comparisons were consistently
drawn from the same food or animal category. For example, a subject would only see animal
images as the sample and only food images as the comparisons. The stimulus pairs were kept
constant across subjects. For training Set A, the stimulus pairs were elephant — candy, butterfly —
Brussel sprouts, bird — cupcake, and fish - sandwich. For training Set B, the stimulus pairs were
penguin — salad, turtle — tortellini, Kitten — mixed vegetables, and frog — strawberries. Subjects
only saw images from one set during training. Each sample stimulus was presented along with
each of the three incorrect comparisons and equal number of times. The correct comparison
stimulus was presented equally often as the left or right comparison. This resulted in a total of 24
unique stimulus configurations. Subjects experienced each stimulus configuration four times per
session for a total of 96 trials.

At the onset of the trial, all three stimulus locations were presented, with the center
location showing one of the four sample images from the food or animal category while the
comparisons were marked with a white outline. Similar to during instrumental training, the
sample stimulus was presented until the subject completed an FR10 peck requirement. Once the
peck requirement was completed, the choice phase began and two stimuli from the remaining
category were presented as comparison stimuli (Figure 3.2b). If the subject completed the FR1

peck requirement to the correct comparison stimulus, the choice phase would end immediately
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after the peck, the subject would receive a food reward, and then the ITI would begin. If the
subject pecked the incorrect comparison, the choice phase would end, the ITI would begin, and
the trial would be repeated starting at the sample phase (i.e., a correction procedure). Correction
trials were not included in the data analysis. During the choice phase, pecks to the sample and
the background were neither reinforced nor punished. The subject had an unlimited amount of
time to complete this peck requirement. Training was continued until subjects were 80% accurate

on all stimulus pairs in a single session or until they had trained for 35 sessions.

Data Analysis

Sessions were only included in the analysis if the subject completed all 96 trials. One
session was excluded for Wenchang, Mario, Estelle, Waluigi, Jubilee, and Luigi (n = 6), two
sessions were excluded for Cousteau, and three sessions were excluded for Dickinson for failing
to complete the session. The number of sessions to reach criterion was the primary measure of
interest. The number of sessions needed was compared across the training sets to ensure that the
different images used did not lead to differences in performance. A similar analysis was
conducted based on which category of images served as the sample or comparison.

While the primary goal of this experiment was to determine if there was sufficient
variability in performance to detect individual differences in associative learning ability, the
effect of age on performance was also investigated. To investigate potential effects of age,
subjects were divided into two groups, young and old. The subjects in the young group were
between 0.5-4 years old at the start of the experiment (n = 9) and the subjects in the old group
were between 11-18 years old (n = 8). Age was also investigated as a continuous variable. Data

were analyzed using JASP, version 0.14.1 (JASP Team, 2020).
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Results

Subjects needed a variable number of sessions to reach criterion, 80% accuracy on all
four pairs in a single session, with some subjects reaching criterion in as few as eight sessions
while others received the maximum amount of training, 35 sessions, without reaching criterion
(Figure 3.3). To ensure that there were no differences based on training set, which category
served as the comparison or sample, sex, or age, an independent samples t-test was used (De
Winter, 2013). There was no significant difference for subjects that trained with set A (n =10, M
=20.8, SD =9.95) compared to set B (n =7, M =21, SD = 8.96), t (15) =-0.042, p = .967.
Similarly, there was no significant difference for subjects that trained with animal pictures as the
sample stimuli (n =8, M = 17.5, SD = 8.82) compared to food pictures as the sample stimuli (n =
9, M =23.89, SD =9.06), t (15) =-1.47, p = .162. There was no significant difference in
performance for male (n =9, M = 18.89, SD = 8.94) compared to female subjects (n =8, M =
23.13,SD =9.7), t (15) = .94, p = .363. There was also no significant difference in performance
in young subjects, ranging from 0.5-4 years old (n =9, M = 17.44, SD = 7.13) compared to old
subjects, ranging in age from 11-18 years old (n =8, M = 24.75, SD = 10.29), t (15) = 1.72,p =
.106. How age impacted performance was also investigated as a continuous variable instead of
separating subjects into two group using a two-tailed Pearson’s correlation. There was a
significant positive correlation between the age of the subject and how many sessions were
needed to reach criterion, r (15) =.605, p = .01 (Figure 3.4). Thus, it appears that older pigeons

took longer to learn the associations compared to younger pigeons.

Discussion
The SMTS task is a more complex associative learning task, where subjects need to learn

four different pairs of pictures, compared to the type of associative learning procedure that is
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typically administered to animals in which one stimulus is associated with an appetitive outcome
and another is not (Flaim & Blaisdell, 2020). This more complex associative learning task is
more similar to the word-pairs task given to humans. The variability in performance on the
SMTS task indicates it is sensitive to individual differences in associative learning ability. By
incorporating the SMTS task into a cognitive test battery, we can determine if associative
learning ability and task complexity is related to a general cognitive factor, similar to what we
see in people.

The different training sets and different categories serving as the sample and comparison
did not seem to impact performance. This indicates that the SMTS provides a general assessment
of associative learning. In addition, these results suggest that subjects could be trained with the
stimulus set they to which they had not been exposed to test the reliability of the SMTS task. If
this task is a reliable measure of general associative learning ability, then performance should be
similar across the different training sets, whereas if the SMTS task is unreliable then individual
performance should not be consistent across training sets. Unreliable measures are more heavily
impacted by random error or transient factors, unrelated to the construct of interest (John &
Benet-Martinez, 2000). Thus, reliable measures provide a more consistent result. Additionally,
the strength of the correlation between any measure is restricted by their reliability (Jensen,
1998; John & Benet-Martinez, 2000). As measures become more unreliable, the correlations will
be closer to zero, even if the ‘true’ relationship between the measures is strong (Trafimow,
2015). How unreliable measure attenuate correlations is especially important when investigating
g in animals. A uniformly positive correlational matrix is the first indication of g (Deary, 2000;
Jensen, 1998). If the correlation matrix found in animals does not have strong positive

correlations, it could be because they do not have a g factor, because the measures used are not
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reliable, making the correlations appear weaker than they really are, or a combination of these
two factors (Soha et al., 2018; Trafimow, 2015). For example, song sparrows and Australian
magpies have been given very similar cognitive test batteries that include a simple color
discrimination and reversal to measure associative learning (Anderson et al. 2017; Ashton et al.,
2018; Boogert et al. 2011; Soha et al., 2019). In Australian magpies, performance on the tasks in
the battery was reliable and the subsequent correlation matrix had strong, positive correlations
(Ashton et al., 2018). In contrast, performance on these tasks was not reliable in song sparrows,
and the correlation matrix was weak and not uniformly positive (Soha et al., 2019). The results
from song sparrows suggests that the tasks used are not appropriate measures of cognitive ability
or that cognitive ability is not a stable trait for this species specifically (Soha et al., 2019). Either
reason makes it less likely that song sparrows have a general cognitive ability as seen in
Australian magpies, mice, and humans (Anderson et al. 2017; Ashton et al., 2018; Boogert et al.
2011; Flaim & Blaisdell, 2020; Kolata et al., 2008; Soha et al., 2019). Still, it is unclear what
could cause a species difference in the task reliability and potential cognitive structure. Future
research investigating differences in reliability or differences in the factors that impact reliability
would be very informative to understanding how cognitive abilities vary across species
(Cauchoix et al., 2018; Colombo & Scarf, 2020). This is why the SMTS task presented here,
with no statistically significant differences in initial acquisition based on training set, would be
ideal for exploring reliability in performance in the pigeon.

Another result worth closer investigation is how age of the subject impacts the number of
sessions needed to reach criterion. When subjects were split into groups based on age, there was
no significant difference in performance. Age, however, is a continuous variable, and when

investigated from that perspective, there was a significant positive correlation between the
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number of sessions needed to reach criterion and the age of the subject. Older subjects generally
needed more training sessions to reach criterion compared to younger subjects (Figure 4). This
indicates a decline in associative learning abilities with age, similar to what is seen in humans
using the word-pairs task (Old & Naveh-Benjamin, 2008). Even with declines in performance
due to age, intelligence still impacts performance (Ratcliff et al., 2011). Therefore, this task
could be vital for exploring general cognitive abilities or intelligence, how associative learning
changes with age, and how these interact in the pigeon (and potentially other nonhuman animals)
compared to what is reported for humans.

This experiment indicates that the SMTS is sensitive to individual differences in
performance and should be included in cognitive test batteries. Including this task in test
batteries could assess potential similarities between the general factor extracted in animals and g
in humans, like a higher loading for more complex tasks. Additionally, this task could be used to

explore reliability and age-related declines in cognitive performance.
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Figure 3.1. Pictures of the foods and animals that were used to create training sets A and B. The
pictures are from the food-pic database (Blechert et al., 2014).

100



Figure 2. Panel a depicting either a stimulus in the sample location only, while the remaining
locations are marked with a white outline, as seen in the sample phase during the symbolic
match to sample task. Panel b depicts the choice phase during the symbolic match to sample
task.
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Figure 3. The number of sessions needed to reach criterion based on which training set subjects
received. Subjects are organized by age, from youngest to oldest, where younger subjects are
depicted in a darker shade and older subjects are depicted in a lighter shade.
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Acquisition During the Symbolic Match to Sample Task

Name Age  Sex Set Sample Comparison Sessions to Criterion
Wenchang 05 F A Animal Food 14
Mario 4 F A Animal Food 25
Peach 4 M A Animal Food 15
Goodall 11 F A Animal Food 9
Hawthorne 18 M A Animal Food 35
Athena 1 F A Food Animal 18
Luigi 4 M A Food Animal 31
Bowser 4 M A Food Animal 10
Cousteau 12 M A Food Animal 16
Dickinson 17 F A Food Animal 35
Wario 3 M B Animal Food 8
Shy Guy 4 M B Animal Food 17
Herriot 11 M B Animal Food 17
Waluigi 4 F B Food Animal 19
Vonnegut 17 M B Food Animal 21
Jubilee 17 F B Food Animal 35
Estelle 18 F B Food Animal 30

Table 3.1. Number of sessions to reach criterion for each subject based on age in years, sex,
training set, and which category of images served as the sample or comparison
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Chapter 4: Serial Reversal Learning

Abstract

Reversal learning assesses cognitive flexibility since it requires subjects to change their response
after sudden and unsignaled changes in previously learned contingencies. This task has been
frequently used to examine the cognitive abilities in a wide variety of human populations, but it
is notably absent in assessments of general intelligence. In contrast, reversal learning is
commonly included when investigating general intelligence in avian species. A wide variety of
avian species have been tested, but the pigeon has yet to assessed in this systematic way. This
experiment outlines a serial, or multiple reversal, learning task to determine if it is appropriate to
reliably detect individual differences in the pigeon. The results indicate that, although almost all
subjects improve their performance over time, there is sufficient variability across subjects for
inclusion in a cognitive test battery. While other avian species assessed thus far showed positive
correlations between the initial discrimination and first reversal, our subjects only showed a

positive relationship from the third reversal onwards.

Introduction

Quickly learning which stimulus or response will result in a reward is important for
effectively navigating the world. Since the world is not static, however, responding flexibly to
your environment and updating your learning if the stimulus or response contingencies change is
equally important (Mettke-Hofmann, 2014). Therefore, the learning processes underlying
behavior should be sensitive to changes in the environment, such as shifts in previously
established reward contingencies, and modify behavior accordingly (lzquierdo et al., 2017,
Racey et al., 2011). There are a wide variety of procedures to assess how behavior changes with

fluctuating reward contingencies, but one of the most commonly used procedures is
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discrimination reversal learning (Izquierdo & Jentsch, 2012). Discrimination reversal learning is
where subjects first learn that one stimulus is followed by a reward while the other is not, then,
after reaching a pre-determined criterion, the contingencies switch. When contingencies switch
multiple times, this is referred to as serial reversal learning. While reversal learning procedures
assess cognitive flexibility, this term lacks precision (Audet & Lefebvre, 2017). More
specifically these tasks assess the ability to learn which stimuli are or are not followed by a
reward, estimate the probability of a reversal, and, in the case of serial reversal learning,
understand the overall task structure (Izquierdo et al., 2017).

Despite the clear cognitive components underlying performance on serial reversal
learning tasks, how it is related to intelligence is rarely investigated in humans (Flaim &
Blaisdell, 2020). Human intelligence test batteries consistently show that performance positively
correlates across diverse cognitive tasks. When this positive correlational matrix is subjected to
factor analysis, one factor that can account for half of the variance in performance is consistently
extracted. This factor is termed g (Carroll, 1993; Deary, 2000). While this g factor is well
replicated, it is not well understood (Conway & Kovacs 2015; Deary, 2000). There are a number
of difficulties in explaining why performance is correlated across cognitive tasks, but two are of
particular interest. The first is the multifaceted nature of identified cognitive domains and the
second is task impurity. More specific cognitive domains have been theorized to be the primary
cause of g, but even ‘specific’ cognitive domains have subcomponents (Kovacs & Conway,
2016). For example, working memory, the ability to store information while processing other
information, includes multiple attention and storage systems (Baddeley, 2002). Even if the
specific subcomponents are identified, it is impossible to create a task that assesses only one

cognitive ability, which is referred to as task impurity. Tasks always assess multiple cognitive
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abilities and the identity of the specific cognitive abilities engaged by any specific task is not
always clear (Burgoyne et al., 2019; Conway et al., 2003; Redick & Lindsey, 2013). One theory
of g argues that task impurity is a primary cause for the positive correlations between different
tasks (Kovacs & Conway, 2016). Why a g factor is found is still debated, but including reversal
learning procedures in human intelligence assessments could provide interesting test of the
theories. As described earlier, reversal learning relies on multiple cognitive abilities, but they
have already been identified. This would make it easier to understand why reversal learning
relates to other cognitive abilities, and help clarify when the strongest correlations between
different tasks will be found (Conway et al., 2003). In the unlikely event that reversal learning
does not correlate with other cognitive abilities, this would highlight an important limitation of g
and require an explanation.

While reversal learning has been neglected in human intelligence research, it is
frequently included in avian test batteries. For example, Australian magpies were given a color
discrimination task where one shade of blue was consistently followed by a food reward, while
the other was not. Once subjects reached criterion, 10 correct choices out of 12 total choices, the
contingency was reversed. The mean number of trials to reach criterion on the initial
discrimination was 22.77 and the mean number of trials for the reversal was 30.12, an increase of
approximately 32% (Table 4.1). Performance on the initial association and subsequent reversal
were positively correlated with each other and with an inhibitory control and spatial memory
task. Principal component analysis (PCA), a dimension reduction technique similar to factor
analysis, extracted a component similar to the g factor in humans. Reversal learning contributed
to this component, indicating that procedure can measure general cognitive ability in Australian

magpies (Ashton et al., 2018). Using similar procedures, similar results have been found with
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robins (Shaw et al., 2015) and spotted bowerbirds (Isden et al., 2013). While a similar procedure
was ultimately not successful in uncovering a g like factor in song sparrows, performance on the
initial discrimination and reversal was positively correlated (Boogert et al., 2011). How different
cognitive tasks load onto a general factor or positively correlate could indicate differences in
what underlies general intelligence across species, but comparisons across species are difficult
due to differences in the test batteries. Part of the reason why there are differences in cognitive
test batteries across species is because the testing apparatus must be appropriate for the physical
and sensory abilities for the species in question. The pigeon could facilitate comparisons across
species because they are a commonly used species for behavioral studies of cognition using
touchscreen operant tasks designed to be similar to tasks used in research with human and
nonhuman primates (Glntirkin et al., 2017). Yet pigeons have never been given a
comprehensive test battery. The goal of this experiment was to determine whether a serial
reversal learning procedure would be appropriate to include in such a battery. Other research has
confirmed that pigeons are able to perform multiple reversals (Lissek et al., 2002; Durlach &
Mackintosh, 1986). Durlach and Mackintosh (1986) initially trained pigeons to discriminate
between color or line orientation stimuli. Subjects were trained on this contingency until they
reached criterion, 9 out of 10 consecutive trials correct. Once they reached criterion, the
contingency was reversed on the next session, so reversals only occurred between sessions.
Contingencies were reversed every time subjects met criterion on three consecutive sessions.
Their results indicate that subjects who were trained on the color stimuli were more accurate on
the subsequent reversals compared to subjects trained on the line orientation stimuli. While these
results indicate that subjects can improve their performance over multiple reversals, and that

color stimuli are easier for subjects to learn, it is unclear if there were individual differences
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across subjects. Serial reversal learning using color stimuli has been used more recently to
investigate the role of NMDA receptors in the nidopallium caudolaterale, the avian equivalent of
the prefrontal cortex in mammals (Lissek et al., 2002). In this experiment, subjects were trained
with red and green color stimuli and when subjects reached criterion, 15 correct consecutive
choices, the contingencies were reversed in the next sessions for a total of six between-session
reversals. Subjects were more accurate on later reversals, replicating the results from Durlach
and Mackintosh (1986), but there was also evidence for between subject variability, particularly
for the first three reversals. These results indicate that a serial reversal learning task using color
stimuli should be sensitive to individual differences.

The current experiment used blue and yellow circles, and the contingency was reversed
after subjects reached criterion, 90% accuracy on two consecutive sessions for a total of five
between-session reversals. To compare to other avian experiments, performance was also
measured as the number of trials needed to make 10 consecutive correct choices on the initial
discrimination and first reversal. The results indicate that all subjects improved their
performance on the task over time, and, most importantly for our goals, there was sufficient
variability in this task to detect individual differences in cognitive abilities. In contrast to
previous experiments, however, performance on the initial discrimination and first reversal was
not correlated. Performance was positively correlated across the third, fourth, and fifth reversals.
These results could indicate an important difference between pigeons and other avian species,
though whether this is because of experience or underlying neurological differences is not clear.

These results also highlight the disassociation between early and late reversal performance.
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Methods

Subjects

Twenty-three pigeons served as subjects. These subjects ranged in age from 0.5-17 years
old at the start of the experiment and there were 10 females (Table 4.2). All subjects had variable
exposure to other cognitive tasks. For all subjects at least one of the previously experienced tasks
included a ‘correction’ procedure where trials would repeat until the subject pecked the correct
stimulus. Pigeons were individually housed in steel home cages with metal wire mesh floors in a
vivarium. They were maintained at 80% of their free-feeding weight, but were allowed free
access to water and grit while in their home cages. Testing occurred at approximately the

midpoint of the light portion of the 12-hour light-dark cycle.

Apparatus

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38
cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. Stimuli were presented using the coding language Python (Python Software

Foundation, https://www.python.org/) and the extension PsychoPy (Peirce, 2007). The bottom

edge of the viewing window was 13 cm above the chamber floor. Pecks to the monitor were
detected by an infrared touchscreen (Carroll Touch, Elotouch Systems, Fremont, CA) mounted
on the front panel. A food hopper (Pololu, Robotics and Electronics, Las Vegas, NV) was
located in the center of the front panel, its access hole flush with the floor. All experimental
events were controlled and recorded with a Pentium I11-class computer (Dell, Austin, TX). A

video card controlled the monitor in the SVGA graphics mode (800 x 600 pixels).
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Stimuli

The stimulus set consisted of two circular stimuli, each with a diameter of 6 cm. The

circle could be blue or yellow. The background screen color was dark gray.

Procedure

Subjects had been exposed to other tasks that required a peck response, so they were not
shaped to peck at the stimuli set or trained to eat from the magazine during this experiment. Each
subject was given one session per day, five days per week. Each session terminated after
completion of 50 trials or after 60 minutes had elapsed, whichever came first. Each trial
consisted of the presentation of a blue stimulus on one side of the screen and a yellow stimulus
on the other side, with the left-right position counterbalanced within session. The stimuli were
located in the horizontal center of the screen and positioned to the left and right of the midline
with 15 cm between the stimuli. If the subject made a total of three pecks (FR3) to the rewarded
stimulus (S+), the trial would end, they would receive access to the hopper for three seconds, and
the 15 s inter-trial interval (IT1) would begin. If they completed the peck requirement to the
other, nonrewarded stimulus (S-), the trial would simply end and the ITI would begin. Pecks
within 1.5 cm outside of the edge of the stimulus were considered on-stimulus. Pecks to the
background had no consequence. There was no time limit to meet this peck requirement.

Each subject was randomly assigned which color would initially be rewarded,
counterbalanced according to age and sex as much as possible. Once subjects were pecking the
S+ on 90% of the trials on two consecutive sessions, the contingency reversed, now the previous
S- was the S+ and vice versa. Every time this criterion was met, the contingencies were reversed.

Reversals only occurred between sessions. Subjects went through a total of five reversals.
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Similar procedures have been successful at revealing individual differences in avian species

(Lissek et al., 2002).

Data Analysis

Accuracy on the first session of each reversal, number of sessions to reach criterion
performance, and the total number of sessions in each phase of training were analyzed. Sessions
were only included in the accuracy performance and the number of sessions to reach criterion if
the subject completed all 50 trials. One session was excluded for Wenchang, Itzamna, Luigi,
Mario and Bowser, and two sessions were excluded for Waluigi for failing to reach 50 trials. A
Spearman correlation was used to determine if performance was consistent across the initial
discrimination and reversals for accuracy on the first session. To compare performance with
other avian test batteries, performance was also investigated as the number of trials needed to
make 10 consecutive correct choices for the initial discrimination and first reversal. For the
number of trials to criterion, sessions were included even if subjects did not complete 50 trials
To investigate potential effects of age, subjects were divided into two groups, young and old.
The subjects in the young group were between 0.5-4 years old at the start of the experiment (n =
12) and the subjects in the old group were between 11-17 years old (n = 11). Data were analyzed
using JASP, version 0.14.1 (JASP Team, 2020), but the goal of this experiment was to determine

if this task had sufficient variability across subjects to detect individual differences.

Results

Most subjects received initial discrimination training and 5 reversals, but there were a
few computer errors that impacted data collection. Mario advanced from the second to the third
reversal before reaching criterion, while Durrell did not receive training on a fifth reversal (Table

4.2). The first session performance for the first reversal was not recorded correctly for Herriot
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and Cousteau. For Durrell and Luigi, the number of trials needed to make 10 consecutive correct
choices during the first reversal could not be calculated since some of the data files were missing
trial number information. Thus, only 19 subjects were included when analyzing the number of
trials criterion.

The number of sessions to reach criterion for the initial discrimination and each reversal
were analyzed. Due to how the criteria was set, 90% accuracy on two consecutive sessions, there
was less variability across subjects, but generally subjects needed fewer sessions to reach
criterion for each reversal (Table 4.2). The data violated Mauchly’s test of sphericity (X2 (14) =
35.637, p =.001) so a three-way 2 x 2 x 6 mixed ANOVA, with age and sex as the between
subject factors and the reversal number as the within-subjects factor, with a Greenhouse-Geisser
correction was used. The results indicated there was no significant main effect of age (F (1, 18) <
1), or of sex (F (1, 18) < 1), nor a significant interaction between age and sex (F (1, 18) < 1).

There was a significant main effect of reversal number (F (2.635, 47.422) = 10.298, p <
.001, partial eta squared = .364), but no significant interaction between reversal number and age
(F (2.635, 47.422) < 1), or sex (F (2.635, 47.422) < 1), or age and sex (F (2.635, 47.422) < 1).
Post-hoc tests using a Bonferroni correction on reversal number indicated that this main effect
was due to the difference between the number of sessions to reach criterion on the initial
discrimination (M = 2.826, SD = 0.778) and the number of sessions to reach criterion on the first
(M =4.391, SD = 0.891; p < .001), second (M = 4, SD = 0.953; p < .001), third (M = 4.435, SD =
1.472; p <.001), fourth (M = 4.174, SD = 1.193; p <.001) and fifth reversal (M = 4.136, SD =
1.356; p <.001). There were no significant differences in the number of sessions between the

other reversals.
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The performance on the first sessions for each reversal showed more variability across
subjects, but there was a general trend for improving over time (Figure 4.1). A three-way 2 X 2 X
5 mixed ANOVA, with age and sex as between subject factors and reversal number as the within
subject factor, indicated there was no significant main effect of age (F (1, 16) < 1), or of sex (F
(1, 16) < 1), or a significant interaction between age and sex (F (1, 16) < 1). There was a
significant main effect of reversal number, F (4, 76) = 21.535, p < .001, partial eta squared =
.531), but no significant interaction between reversal number and age (F (4, 64) < 1), or sex (F
(4, 64) < 1), or age and sex (F (4, 64) = 1.494, p = .215). Post-hoc tests using a Bonferroni
correction for the accuracy on the first session of each reversal showed a significant difference in
performance on the first (M =.167, SD = .159) and third (M =.422, SD = .22; p <.001), first and
fourth (M = .456, SD = .206; p < .001), and first and fifth reversal (M = .53, SD = .207; p < .001).
The post-hoc tests also showed a significant difference between the second (M = .257, SD =
.144) and third (t = -3.905, p = .002), second and fourth (t = -4.494, p < .001), and second and
fifth reversal (t =-5.732, p <.001).

A Spearman correlation was used to determine if accuracy on the first session was similar
across all phases of the task. Performance on the initial discrimination and the first and second
reversals had weak and nonsignificant correlations with all measures. Performance on the third,
fourth, and fifth reversals were significantly, positively correlated with each other (Table 4.3).

The data were also analyzed by how many trials were needed for subjects to make 10
consecutive correct choices on the initial discrimination and first reversal. The number of trials
received after reaching this criterion were also recorded (Table 4.4). A paired samples t-test
showed that subjects needed significantly fewer trials to reach criterion on the initial

discrimination compared to the first reversal, t (18) = -8.85, p <.001 (Table 4.1). A Spearman
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correlation indicated there was no relationship between performance on the initial discrimination
and first reversal, rs (17) = .06, p = .81. A Spearman correlation was also used to investigate if
the number of trials experienced after reaching criterion facilitated subsequent reversal

performance (Williams, 1967), but, again, there was no relationship rs (17) = .1, p = .68.

Discussion

This experiment replicates previous findings that performance improves across multiple
contingency reversals, particularly when using performance on the first session as the dependent
variable (Durlach & Mackintosh, 1986; Lissek et al., 2002). This experiment also demonstrates
the sensitivity of the serial reversal learning procedure to individual differences by showing
individual subject data for the number of sessions to reach criterion and performance on the first
session for each reversal (Table 4.2, Figure 4.1). The number of sessions to reach criterion was a
less sensitive measure, since there was less variability across subjects and post-hoc analyses were
not able to distinguish improvements in performance over sessions. The low variability was
partially due to how criterion was set, 90% accuracy on 2 consecutive sessions. Another reason
for the low variability for this measure is that subjects reached criterion relatively quickly. The
initial discrimination and five reversals were completed in 17-36 sessions (Table 4.2). It is
difficult to determine if this is similar to other pigeon experiments because of the differences in
the criterion. In addition, only the number of errors committed by each subject is reported
(Durlach & Mackintosh, 1986; Lissek et al., 2002). It is still surprising from a species
perspective because pigeons typically need more training compared to mammals to reach
criterion on cognitive tasks (Guntirkin et al., 2017; Mackintosh & Cauty, 1971). The relatively
low number of sessions to reach criterion could be due to previous experience with correction

procedures, where a trial repeats until the subjects chooses the correct stimulus. All subjects had

115



experience with correction procedures and this experience could have resulted in a general
strategy that transferred to the current experiment.

The other dependent measure, performance on the first session of each reversal, showed a
greater amount of variability across subjects, and post-hoc analyses detected more significant
differences between reversals. This indicates that the serial reversal learning task is sensitive to
individual differences and would be appropriate to include in a cognitive test battery for pigeons.
While between-subject variability is important when assessing individual differences, the task
should also be reliable. Only performance on the third, fourth, and fifth reversals were positively
correlated with each other, indicating that the initial discrimination and first and second reversals
were assessing something different compared to the later reversals. A single reversal relies on
extinguishing the previously reinforced response and learning a new response. Multiple
reversals, however, could involve acquisition of a more general ‘win-stay, lose-shift’ rule, which
would indicate subjects were learning the structure of the task itself (Izquierdo et al., 2017).
Therefore, the initial discrimination and early reversal could measure the ability to form
excitatory and inhibitory connections while later reversals measure more abstract rule learning.
Alternatively, the increasing rapidity of subsequent reversals could be due to the buildup of
excitatory and inhibitory properties to each stimulus, allowing for smaller differences in reward
to trigger the reversal of choice. The possibility of using a higher-order, rule-based strategy is an
additional measure of cognitive ability not assessed by previous avian test batteries. It is still
possible, however, to compare the different species based on the initial discrimination and first
reversal.

In robins, song sparrows, spotted bower birds, and magpies, performance on the initial

discrimination and reversal was positively correlated (Ashton et al., 2018; Boogert et al., 2011;
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Isden et al., 2013; Shaw et al., 2015), whereas for pigeons there was no relationship when using
first session accuracy (Table 4.2) or number of trials to make 10 consecutive correct choices. The
number of trials to criterion highlighted another difference between pigeons and the other species
assessed, specifically how much additional training was required to reach criterion on the
reversal. While all species needed more training for the reversal, this was more extreme in
pigeons. In robins, song sparrows, and magpies, subjects needed, on average, an additional 18.1,
7.5, and 7.35 trials respectively to reach criterion on the reversal compared to the initial
discrimination. This was an increase of approximately 24-32% compared to the number of trials
needed for the initial discrimination. Pigeons needed, on average, an additional 75.64 trials to
reach criterion on the reversal, or 70% more trials to reverse compared to trials to acquire the
initial discrimination (Table 4.1). The absence of a relationship between the initial discrimination
and first reversal and the amount of training needed for the first reversal indicates there may be
important differences in the cognitive abilities of pigeons compared to robins, song sparrows,
and magpies. It may be more difficult for pigeons to form inhibitory connections or extinguish
previously learned contingencies. In addition, the ability to form excitatory connections may not
be related to the ability to form inhibitory connections, which weakens the hypothesis that
pigeons have a g like factor. These cognitive differences may be related to life and species
differences between pigeons and the other avian species. There is evidence that pigeon
domestication began with Neanderthals (Blasco et al., 2014) and most of the subjects (n = 21)
had been in captivity for over a year, participating in a variety of experiments. In contrast, the
other avian species were wild, assessed in the field, and were relatively naive to experimental
procedures. These species differences could be related to cognitive abilities, but it is also

possible that these differences impact what the task assesses. Personality, particularly boldness,
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may have had a stronger impact on performance for wild species because the procedures were so
novel (Shaw & Schmelz, 2017). Administering a full cognitive and personality assessment to
pigeons and other species, wild and domesticated, will help clarify if these differences are related
to the presence or absence of a g like factor.

While not the main goal of this experiment, age was included as a factor during the
analysis. Subjects were divided into a young group, ranging in age from 0.5-4 years old, and an
old group, ranging in age from 11-17 years old. Pigeons have shown age related declines in
performance on other cognitive tasks starting at 10 years old (Coppola et al., 2014, 2015), but we
did not find any effect of age in this experiment in either the number of sessions to reach
criterion (Table 4.2) or the performance on the first session of each reversal (Figure 4.1). This
could be due to the differences in the tasks, the previous experience of the subjects, or a
combination of both of these factors. This is a surprising result that should be investigated more
thoroughly to understand how cognition changes with age in the pigeon. For the purposes of the
investigating general intelligence in the pigeon, however, this result indicates that age should not
be a reason to exclude subjects. Research with humans has shown that intelligence is a stable
trait throughout the lifespan (Deary et al. 2013; Deary & Brett, 2015), meaning that the older
subjects in this experiment should still provide results relevant to the investigation of general
intelligence.

In conclusion, the results from this experiment indicate that serial reversal learning is
sensitive to individual differences, irrespective of age. This sensitivity means it is appropriate to
include in a cognitive test battery for pigeons. In addition, the task can reliably measure a
subject’s performance over time, but only after the third reversal. This contrasts with the other

avian species assessed thus far, which showed positive correlations in the initial discrimination
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and subsequent reversal (Ashton et al., 2018; Boogert et al., 2011; Isden et al., 2013; Shaw et al.,
2015). Only by administering a diverse test battery to pigeons will it be possible to determine if

this difference extends to the underlying cognitive structure.
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Figure 4.1. Performance on the first session for each reversal for each subject, organized by age
from youngest to oldest. Younger subjects are in darker shades, while older subjects are in a
lighter shade. Performance on the initial discrimination is not shown for one subject, Bowser,
and performance on the first reversal is not shown for two subjects, Herriot and Cousteau, due
to a computer error.
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Species
Robins (Shaw et al., 2015)

Initial First Percent

Discrimination  Reversal Increase Criterion
Mean 40.5 58.6 30.89 10outof 12
Standard Deviation 19.33 15.54
Range 12, 80 33, 89

Song Sparrows (Boogert et al., 2011)

Mean 16.2 23.7 31.65 6outof?
Standard Deviation 6.2 7.2
Range 8, 36 13,40

Australian Magpies (Ashton et al., 2018)

Mean 22.77 30.12 24.4 10 out of 12
Standard Deviation 2.08 3.07
Range 10,65 10,94

Pigeons (Flaim & Blaisdell, 2021)

Mean 31.89 107.53 70.34 10
Standard Deviation 19.41 34.31
Range 10, 72 46, 186

Table 4.1. The mean number of trials needed to reach criterion for the initial discrimination and
first reversal for robins, song sparrows, Australian magpies, and pigeons. Percent increase
refers to the relative increase in trials needed to reach criterion on the reversal compared to the
initial discrimination. The criterion was always consecutive correct choices.
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Number of Sessions

Reversal Number

Sex Age (Years) Subject 0 1 2 3 4 5 Total
F 0.5 Athena 3 5 4 4 3 3 22
F 0.5 Wenchang 2 5 4 3 3 3 20
M 2 ltzamnéa 2 5 4 3 3 3 20
M 2 0Odin 3 5 4 3 4 3 22
M 3 Bowser 2 3 3 4 3 3 19
M 3 Luigi 5 4 5 4 5 5 28
F 3 Peach 3 4 3 4 3 3 20
M 3 Shy guy 3 4 4 4 4 3 22
M 3  Waluigi 2 4 4 7 6 5 28
M 3 Wario 3 4 5 6 6 5 29
F 4 Mario 3 3 2 3 3 3 17
M 4 Yoshi 3 7 4 8 6 8 36
F 11 Goodall 2 4 4 5 5 5 25
M 11 Herriot 2 4 4 4 6 4 24
M 12 Cousteau 3 4 5 4 4 4 24
F 12 Darwin 3 4 4 4 4 4 23
F 12 Durrell 3 5 4 4 4 20
F 16 Jubilee 3 6 6 8 6 7 36
M 17 Dickinson 4 4 4 4 4 4 24
F 17 Estelle 2 4 3 4 3 4 20
M 17 Gambit 3 4 3 3 3 3 19
M 17 Hawthorne 4 5 6 5 5 5 30
F 17 Vonnegut 2 4 3 4 3 4 20

Mean Young 2.83 442 383 442 4.08 3.92 2358

Mean Old 2.82 436 4.18 4.45 427 440 24.09

Mean All 2.83 439 400 443 417 4.14 23.83

Table 4.2. Number of sessions for each reversal and total number of sessions for each subject.
One subject, Durrell, only experienced 4 reversals and another subject, Mario, advanced to the
third reversal before reaching criterion on the second.
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Reversal Learning

Initial First Second Third Fourth
First ~ Spearman'srho -0.091 (20) —
p 0.703 —
Second Spearman'srho -0.077 (22) 0.164 (21) —
p 0.734 0.476 —
Third  Spearman'srho -0.047 (22) 0.045 (21) 0.055 (23) —
p 0.837 0.848 0.804 —
Fourth Spearman'srho 0,198 (22) -0.053 (21) -0.007 (23) 0.597 (23) —
p 0.376 0.818 0.975 0.003 —
Fifth Spearman'srho 0.004 (22) -0.113 (20) 0.047 (22) 0.744 (22) 0.639 (22)
p 0.985 0.635 0.834 <0.001 0.001

Table 4.3. Correlation matrix between the measures of the serial reversal learning task. The
number inside the parenthesis is the sample size. Bolded values indicate the result was

significant.
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Number of Trials Criterion

Initial Trials Past First Trials Past
Subject Age Discrimination Criterion Reversal Criterion
Athena 0.5 56 94 137 113
Wenchang 0.5 10 100 125 125
Itzamna 2 24 76 73 216
Odin 2 30 120 160 110
Bowser 3 20 90 68 82
Peach 3 30 120 71 129
Shy guy 3 58 92 95 105
Waluigi 3 15 149 89 111
Wario 3 10 150 113 137
Mario 4 31 119 46 104
Yoshi 4 43 107 186 164
Goodall 11 11 89 118 82
Darwin 12 52 98 72 128
Jubilee 16 21 129 119 181
Dickinson 17 48 152 93 107
Estelle 17 10 90 94 106
Gambit 17 55 95 112 88
Hawthorne 17 72 128 149 101
Vonnegut 17 10 90 123 77

Table 4.4. The number of trials needed for each subject to make 10 consecutive correct choices
on the initial discrimination and the first reversal. The number of trials the subject experienced
after reaching this criterion are also included. Age is provided in years.
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Chapter 5: The Delayed Match to Sample Task

Abstract

Performance on intelligence tests and working memory tasks are consistently related, but
the reason why is poorly understood. This is partially because working memory is supported by
multiple cognitive processes, including attention. There is evidence that attention, the ability to
prevent irrelevant information from impacting performance, is uniquely related to differences in
intelligence in humans and mice. How intelligence, memory, and attention are related in other
species is less understood. This experiment investigates if the delayed match to sample (DMTS)
task could be used to investigate such a relationship in pigeons. Subjects were trained for 30
sessions on 0, 2, 4, and 8 second delays using red and green stimuli. This procedure was
successful at finding individual differences, which means it could be used to investigate
intelligence in the pigeon. Attention and its relationship to working memory, as understood in the
human and rodent literature, did not seem to impact performance on this task. Implications for

the DMTS and memory processes in the pigeon are discussed.

Introduction

Intelligence research has a long history of investigating individual differences in
performance (Carroll, 1993; Deary, 2000). A consistent pattern has been found, where people
will perform differently from each other, but individuals will perform consistently across diverse
cognitive tasks. This between subject variability and within subject reliability results in a positive
correlational matrix. Dimension reduction techniques, like factor analysis or principal component
analysis, will extract one factor or component that can account for approximately half of the
between subject variance in performance. This factor is termed g since it is related to almost all

cognitive abilities, though not all cognitive abilities are related to the same degree (Carroll, 1993;
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Deary, 2000; Spearman, 1904). The cognitive tasks that are most strongly related to g involve
reasoning, abstraction, and generalization (Ackerman & Cianciolo, 2000). Despite the decades of
research on intelligence and g, there is no consensus on what causes this pattern of results
(Conway & Kovacs, 2015; Deary, 2000; Flaim & Blaisdell, 2020). One heavily investigated
possibility is that differences in working memory (WM) is the primary cognitive ability
underlying this pattern (Conway et al., 2003). WM is the ability to store a limited number of
items for later recall while simultaneously processing a competing task or manipulating the
stored items (Adams et al., 2018; Baddeley, 2002). One of the primary ways of measuring WM
in humans is with complex span tasks (Conway et al., 2005; Flaim & Blaisdell, 2020). In a
complex span task, the participant is given to-be recalled items interspersed with a competing
task. Frequently, the to-be recalled items are words, letters, numbers, or the number of specific
stimuli presented, while the competing task could be verifying if a sentence is logical, a
mathematical operation is solved correctly, or verbally counting all stimuli presented on the
screen (Conway et al., 2005). Another method of measuring WM is with the visual array task. In
this task, participants are briefly shown an array of stimuli, then, after an inter-stimulus interval
(1SI) where no stimuli are present on the screen, the array reappears and participants have to state
if the array is the same as before or if one of the stimuli within the array has changed (Shipstead
et al., 2015). Complex span and visual array tasks are positively correlated with each other,
indicating domain general properties of WM, but they are also uniquely related to intelligence
(Shipstead et al., 2015). This leads to a theoretical issue with WM as an explanatory factor for

causing differences in intelligence.

The primary issue is that WM is not a unitary cognitive ability, but rather contains

subcomponents (Conway et al., 2003). While the nature of the specific subcomponents has not
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been agreed upon (Adams et al., 2018; Nairne, 2002; Oberauer et al., 2012), different theoretical
perspectives have provided competing evidence for which subcomponent of WM has the
strongest relationship with g or intelligence. Retrieval (Mogle et al., 2008) and temporary storage
of information (Colom et al., 2006; Cowan, 2001) have experimental support, but for this
experiment we will focus on the role of attention or inhibition of competing information
(Bunting, 2006; Unsworth & Engle, 2006; Unsworth et al., 2009). Part of maintaining an
accurate memory of the to-be recalled item means either being able to focus attention solely on
the most recently presented items or by actively inhibiting memories of previously presented, but
no longer relevant items and inhibiting irrelevant external and internal stimuli (Bunting, 2006;
Conway et al., 2001; Unsworth & Engle, 2006). It is not clear if this subcomponent is attention
or inhibition, but manipulating the amount of proactive interference have been key in
demonstrating why it is related to intelligence (Bunting, 2006; van Moorselaar & Slagter, 2020).
Proactive interference is previously learned information interfering with learning new
information (Teague et al., 2011). Proactive interference is affected by how similar the new and
old information is, the similarity of the learning contexts, and the amount of time between
learning and retrieval (Bunting, 2006). The more similar the information and context are and the
more time between learning and retrieval will result in more proactive interference and less
accurate performance during retrieval. If the information and the context are very similar there
will be more proactive interference and less accurate performance during retrieval. For example,
switching the to-be recalled items from words to numbers (or vice-versa) during a complex span
task improved accuracy because there was less proactive interference by making the items less
similar (Bunting, 2006). Reducing the amount of proactive interference also reduced the

correlation between performance on the complex span and intelligence (Bunting, 2006). The
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relationship between time and proactive interference is more complex because it depends on the
time between the stimuli and the time between the trials. As shown with the visual array task, the
greatest effects of proactive interference are seen when the inter-trial interval (ITI) is short and
the ISI is long (Shipstead & Engle, 2013). With respect to differences in intelligence, however,
more intelligent individuals benefitted more from a longer ITI, presumably because they were
better able to inhibit or remove irrelevant information thus there was less interference during
retrieval (Shipstead & Engle, 2013). These results highlight how individual differences in

combatting proactive interference are related to differences in intelligence.

This relationship between the attentional process of WM and intelligence has been
demonstrated in multiple ways in people, but there is evidence for a similar relationship in mice.
When mice are given a wide variety of learning tasks, there is a positive correlation in
performance across tasks and one factor is extracted from this positive correlational matrix that
can account for 22-43% of the variance in performance (Flaim & Blaisdell, 2020; Galsworthy et
al., 2005; Kolata et al., 2007). How attention and WM are related to the general factor in mice
has been investigated using the radial arm maze. In the radial arm maze, there is a central hub
and n arms radiating out from the center. Some or all of these arms contain a food reward and
errors can be categorized by subjects entering an arm and failing to obtain the food reward or re-
entering an arm where the food reward has already been obtained. The radial arm maze assesses
WM because animals need to update where they have already been and where they still need to
go (Dudchenko, 2004). Performance on a 4 or 8 radial arm maze correlates with other cognitive
measures in mice (Kolata et al., 2007; Locurto et al., 2006), but this task has been modified to
more closely resemble the dual storage and processing demands seen in the complex span task.

This modification is called the dual radial arm maze task, where two different radial mazes are
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placed in the same room so there is overlap between the spatial cues used to navigate the maze.
Subjects start navigating one of the mazes, but after they make 3 correct choices, they are taken
out and put in the other maze. Once again, after making 3 correct choices in the second maze,
they are placed back in the first maze. Subjects alternate between the mazes until all of the food
rewards are obtained (Kolata et al., 2005). By alternating which maze mice are navigating and by
having overlapping cues in each maze, mice need to maintain two similar lists of locations of
where they have been and where they still need to go. Performance on this dual radial arm maze
is positively correlated with performance on other cognitive tasks (Kolata et al., 2005). Follow
up investigations have indicated that this relationship is primarily due to the ability to deal with
interference and not the amount of information that needs to be stored or retrieved (Kolata et al.,

2005, 2007; Matzel & Kolata, 2010).

So far, the relationship between intelligence and WM has been most heavily investigated
in humans and mice, but the pigeon could be an additional model species to investigate this
relationship. Memory processes have been heavily investigated in the pigeon with the delayed
match to sample (DMTS) task (Anderson & Colombo, 2019; Kangas et al., 2011; Lind et al.,
2015; Roberts, 1972; Zentall & Smith, 2016). In these experiments, pigeons are first shown a
sample stimulus. After completing an observing response to the sample, there is a delay period
where no stimuli are presented. Pigeons are then presented with one or more comparison stimuli,
but the sample stimulus is not present (Figure 5.1). Subjects are reinforced for choosing the
comparison that matches the sample. For example, if the sample is a red circle, the subject
should select the red circle comparison, and not the green circle comparison stimulus. While
multiple cognitive processes contribute to performance accuracy at choice (Zentall & Smith,

2016), manipulations of the delay length and ITI indicates that the ability to resist proactive
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interference is important. Performance is less accurate with longer delay lengths and shorter ITls
(Hogan et al., 1981; Roberts & Kraemer, 1982), similar to the results of the visual array task
given to humans (Shipstead & Engle, 2013). Another potential source of proactive interference is
the stimulus set size. A small set size (for example two colors) would cause the most interference
over a session while using unique stimuli every trial should cause the least amount of
interference (Anderson & Colombo, 2019). This idea has been investigated with rhesus
monkeys, where smaller set sizes require more cognitive effort, compared to larger set sizes
(Basile & Hampton, 2013; Brown & Hampton, 2020), but stimulus set size and how interference
might build over a session has rarely been investigated with this procedure in pigeons. One
experiment in pigeons that used two colors as the stimulus set did not find evidence for proactive
interference increasing over the session, rather they found that accuracy improved over the
session (Edhouse & White, 1988). An important caveat to this result not addressed in the article
is that the subjects had years of experience with the DMTS and may have learned how to resist
proactive interference. Despite the wealth of information that has been obtained via the DMTS
thus far, some additional properties should be assessed before it could be used to investigate
intelligence and memory in the pigeon. The first is investigating the potential buildup of
proactive interference within a session. Presumably, if proactive interference is accumulating,
accuracy will actually be worse at the end of a session compared to the beginning of a session. If
these results are found, the effect of practice should be investigated to determine if
improvements in performance across sessions are partially due to learning how to resist proactive
interference. The second is determining what amount of training and what measure of

performance will be the most sensitive to individual differences in the DMTS task. While
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previous research has reported individual subject data, it is not clear when the largest difference

between subjects was observed (Kangas et al., 2011).

While the primary focus of this experiment was to determine if this task is appropriate to
include in a test battery to assess general cognitive abilities, it was also possible that this task
would be sensitive to age-related declines in performance. In human and nonhuman primates,
older subjects show worse performance on the DMTS compared to younger subjects (Lamar &
Resnick, 2004; Rodriguez & Paule, 2009). Further, performance on the DMTS relies on the
prefrontal cortex (PFC), an area of the brain particularly sensitive to age in mammals (Bizon et
al., 2012; Lamar & Resnick, 2004). In pigeons, performance on the DMTS relies on the avian
equivalent of the PFC, the nidopallium caudolateral (NCL; Karakuyu et al., 2007), but it is not
known if the NCL is affected by age in a similar way as mammals. How subjects perform on this
task could be an indicator of underlying neurobiological changes as a function of age. Therefore,
the age of the subject will also be investigated as a potential factor impacting performance. In the
current task, pigeons were initially trained on a simultaneous MTS until they reached a
predetermined criterion, then they were trained on the DMTS task with 0, 2, 4, and 8 second
delay lengths for 30 sessions. The number of sessions to reach criterion during the simultaneous
MTS was investigated. Performance, using percent correct and a log transformation (Kangas et
al., 2011), was examined at the beginning (sessions 1, 2, and 3), middle (sessions 14, 15, and 16)
and end (sessions 28, 29, and 30) of training. The effect of proactive interference was also
examined at those time points. Similar to previous research, performance was least accurate at
the longest delay length, but improved across sessions. Subjects varied in how much they
improved with training and the most variability in performance across individuals was seen at the

end of training with the log transformed data. This indicates that this would be appropriate to
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include in a cognitive test battery for pigeons. Proactive interference, however, did not seem to
impact performance over a session at any point in training. Additionally, the subject’s age did
not to impact performance. Implications for interpreting DMTS performance in relation to a

general cognitive ability in pigeons is discussed.

Methods

Subjects

Eighteen pigeons served as subjects. Subjects ranged in age from 0.5-18 years old at the
start of the experiment and there were 10 females. All subjects were trained to peck on the
touchscreen and eat from the food hopper. All subjects had previous experience with other
cognitive tasks, except for Athena. Subjects were individually housed in steel home cages with
metal wire mesh floors in a vivarium. They were maintained at 80% of their free-feeding weight,
but were allowed free access to water and grit while in their home cages. Testing occurred at

approximately the midpoint of the light portion of the 12-hour light-dark cycle.

Apparatus

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38
cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. The bottom edge of the viewing window is 13 cm above the chamber floor.
Pecks to the monitor were detected by an infrared touchscreen (Carroll Touch, Elotouch
Systems, Fremont, CA) mounted on the front panel. A custom-built food hopper (Pololu,
Robotics and Electronics, Las Vegas, NV) was located in the center of the front panel, its access

hole flush with the floor. The food hopper contained a mixture of leach grain pigeon pellets and
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seed (Leach Grain and Milling). All experimental events were controlled and recorded with a
Pentium I1l-class computer (Intel, Santa Clara, California). A video card controlled the monitor
in the SVGA graphics mode (800 x 600 pixels). Stimuli were presented using the 3.6 version of

Python with the psychopy toolbox, version 3.0.3 (Peirce, 2007).

Stimuli

The stimulus set consisted of two circular stimuli, 60 pixels in diameter. The stimuli
could be a 1-pixel white outline filled with a red or green color. The background was gray during

all phases of the trial and food reward and black during the ITI.

Procedure

Autoshaping and instrumental training.

Each subject received one session per day, five days per week. Each session terminated
after the completion of 96 trials or 90 minutes had elapsed, whichever came first. The number of
trials and time to complete the session were consistent throughout all phases of the experiment.
The stimuli were consistently presented in three locations, arranged in a triangular formation
(Figure 5.1). The sample was shown in the center location and the comparison stimuli were
offset to the left and right of the midline below the sample, serving as the left and right
comparisons respectively. If a stimulus was not presented during a trial, the location was marked

by a white circular outline.

Pigeons were initially trained with a mixed autoshaping and instrumental procedure. The
red and green stimuli appeared in the sample, left comparison, or right comparison position an
equal number of times. Only one stimulus was presented at a time and the other locations were

marked with a white outline (Figure 5.1). During the first 48 trials, the stimulus was presented
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for 10 s. If the pigeon pecked on the stimulus (FR1) the trial would end, then the food port was
illuminated and the hopper was raised for 3 s (food delivery was 3 s throughout the entire
experiment). Pecks within 25 pixels of the stimulus were considered on-target. If the pigeon did
not peck on the stimulus, the food reward would still be delivered after 10 s. Pecks to the
background or where the locations were marked by a white outline were neither reinforced nor
punished. After the food delivery was terminated, there was a 13-s ITI with a black screen.
During the last 48 trials, the stimulus would stay on the screen until the pigeon completed the
FR1 peck requirement to the stimulus. When pigeons were consistently pecking at the stimulus
(pecking on the stimulus on 80% of the trials for 2 consecutive sessions), the autoshaping
procedure was discontinued and an instrumental contingency was enforced. During the
instrumental procedure the stimulus would stay on the screen until the pigeon completed the
peck requirement. The pigeon was trained with the FR1 until they reached criterion, finishing the
session within 120 minutes on two consecutive sessions. Then the peck requirement was
gradually increased from an FR1 to an FR10 using a series of VR schedules, starting with VR3
+/- 2 (actual values 1, 2, 3, 4, 5), VR6 +/- 2 (4, 5, 6, 7, 8), then VR9 +/- 2 (7, 8, 9, 10, 11).
Subjects had to reach criterion on each VR schedule before advancing to the next. When subjects
had reach criterion on the VR9 schedule, the number of trials that could be followed with
reinforcement was reduced to 72 (75% of trials). Each stimulus in each location was presented
without reinforcement once per session, but never in the first or last block of 24 trials. When
subjects reached criterion on this reduced reinforcement schedule, subjects began the

simultaneous MTS task.
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Simultaneous match to sample

During the simultaneous MTS, each trial had two phases, a sample phase then a choice
phase. During the sample phase, a stimulus was only presented in the sample location, while the
comparisons were marked with a white outline (Figure 5.1a). Once subjects completed the
observing response to the sample stimulus (FR10), the choice phase began. During the choice
phase, the sample stimulus remained on the screen and the comparison stimuli were presented. If
the subject pecked (FR1) the comparison that matched the sample, they received a food reward
and then the ITI would begin. If they pecked the comparison that did not match the sample the
trial would end, the ITI would begin, and the trial would be repeated starting at the sample phase
(correction procedure). Correction trials were not used in the data analysis. During the choice
phase pecks to the sample or background were neither reinforced nor punished. Subjects had an
unlimited amount of time to complete the peck requirement during the sample and choice phases.
The correct comparison stimulus was presented equally often as the left or right comparison. Red
and green were presented as the correct comparison an equal number of times. This resulted in
four unique stimulus configurations. Subjects experienced each stimulus configuration 24 times
per session for a total of 96 trials. Subjects trained on the simultaneous MTS until they were 80%

accurate on two consecutive sessions. Subjects were then trained on the DMTS.

Delayed match to sample

During the DMTS, each trial had three phases, a sample, delay, and choice phase. Similar
to the simultaneous MTS, during the sample phase a stimulus was only presented in the sample
location. Once subjects completed the observing response to the sample, the delay phase began.
During the delay phase, no stimuli were presented on the screen, but the locations were marked

(Figure 5.1b). The delay could be 0, 2, 4, or 8 s long. When the delay had elapsed, only the
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comparison stimuli were presented, the sample stimulus was no longer presented with the
comparisons (Figure 5.1c). If subjects pecked the comparison that matched the sample, they
received a food reward before the ITI began. If subjects pecked the comparison that did not
match the sample, the trial ended and the ITI began. The correction procedure was discontinued.
Each stimulus configuration was presented with each delay length an equal number of times.
Subjects experienced each stimulus configuration with each delay six times per session for a total
of 96 trials. Subjects trained on the DMTS for 30 sessions then they received four transfer

sessions.

Data Analysis

Sessions were only included in the analysis if the subject completed all 96 trials. During
the simultaneous MTS, one session was excluded for Waluigi, Wario, and Dickinson, and 11
sessions were excluded for Darwin. During the DMTS, one session was excluded for Athena,
Shy guy, Estelle, Durrell, Jubilee, Wenchang, and Herriot (n = 7). Two sessions were excluded
for Waluigi and four sessions were excluded for Darwin. Correction trials during the
simultaneous MTS were not analyzed. The number of sessions to reach criterion during the

simultaneous MTS was used a potential measure of interest.

Performance was analyzed using percent correct and a log transformation of the data, log
di= % log ([ci/er]*[cg/eg]). The log transformation was performed for each retention interval (t)
and is the geometric mean of the ratios of correct (c) and incorrect (e) responses to the red (r)
and green (g) stimuli respectively. A log transformation was used because it is free from the
response bias and the range of values can extend beyond 1, unlike percent correct (Kangas et al.,
2011). This result is a wider range of values that is better at differentiating between subjects,

even when performance is very high. Performance was examined at the beginning (sessions 1, 2,
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and 3) middle (sessions 14, 15, and 16), and end of training (sessions 28, 29, and 30) for each
delay length. This means that performance was averaged over 72 trials for each delay.
Performance was compared across the different amount of training at each delay length to
determine if performance improved over time. For example, performance with a 0 s delay was
compared at the beginning, middle, and end of training. The role of proactive interference was
analyzed by examining performance within the session at each point in training for each delay
length. Specifically, at each point in training, trials were categorized as being in the beginning,

middle, or end of each session for each duration. Data were analyzed using SPSS version 27.

Results

Simultaneous Match to Sample

Subjects needed 2-7 sessions of training before reaching criterion on the simultaneous
MTS task. The average number of sessions needed was 3.5 and the standard deviation was 1.04.

Due to the low amount of variability across subjects it was not possible to analyze this further.

Delayed Match to Sample

Performance over training.

Using accuracy as the dependent measure, performance was consistently the best at the 0
s delay, but performance improved with training on all delay lengths (Figure 5.2). A two-way
repeated measures ANOVA was used to investigate if there were differences in performance at
each delay length in the beginning, middle, and end of training. There was a main effect of delay
(F (3,51) =163.23, p <.001, partial eta squared = .906), a main effect of the amount of training
(F (2, 34) =47.3, p <.001, partial eta squared = .736), and a significant interaction (F (6, 102) =

2.97, p = .01, partial eta squared = .149). Post hoc tests with a Bonferroni correction indicated
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that there were significant differences in performance at all delays between all amounts of
training, except when comparing performance at the beginning and middle of training inthe 0 s
delay condition and when comparing performance at the middle and end of training in the 8 s

delay condition (Table 5.1).

Performance was also investigated on log-transformed data. Similar to the accuracy data,
performance was always the best at the 0-s delay, but performance across all delays improved
with training (Figure 5.3). The same analyses as described above were used to determine if there
were differences in performance across the different delay conditions and amount of training.
The delay performance failed Mauchly’s test of sphericity (x? (5) = 26.71, p < .001), as did the
interaction between delay and amount of training (x> (20) = 50.09, p < .001), so a Greenhouse-
Geisser correction was used. Similar to the previous analysis, there was a main effect of delay (F
(1.64, 27.93) = 112.78, p < .001, partial eta squared = .869) and amount of training (F (2, 34) =
35, p <.001, partial eta squared = .672), and a significant interaction (F (3.52, 59.79) = 2.72,p =
.044, partial eta squared = .138). Post hoc tests with a Bonferroni correction indicated that there
were significant differences in performance at all delays between all amounts of training, except
when comparing performance at the middle and end of training in the 0 s and 8 s delay condition

(Table 5.1).

While there was a main effect of subjects improving over training, individual differences
became more pronounced by the end of training compared to the beginning (Figure 5.2, 5.3).
Since the primary focus of this experiment was to determine if there was sufficient individual
variability in the task to include in a cognitive test battery, this increase in variability is directly
relevant to our goals. Unfortunately, the most appropriate statistical test available to investigate

variability for repeated measures data is not robust against deviations from normality (Derrick et
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al., 2018). Analyses for independent observations, however, are more robust, so the data at the
beginning and end of training were investigated as independent groups using Levene’s test for
equality of variances (Table 5.2). For the accuracy data, performance on the 4 and 8 s delay
condition had significantly different variances, while for the log transformed data there were
significant differences in the 2, 4, and 8 s delay conditions, indicating that variance was

significantly larger at the end of training at these delay lengths.

Consistency of performance.

While performance at all delay lengths improved with training for all subjects, it was not
clear if subjects were consistent over these conditions. For example, if a subject performed well
on during the 8 s delay at the beginning of training, do they also perform well during the 2 s
delay at the end of training? To investigate this possibility, a Spearman’s correlation was
conducted on performance during all delay conditions at all points in training for the accuracy
and log transformed data. The correlation matrix was almost identical across the data types
(Table 5.3, 5.4). The correlations were almost uniformly positive and over half were significant.
The mean correlation for the accuracy data was .55 and, for the log transformed data, the mean
correlation was .54. While there were significant positive correlations for performance at the
beginning of training, the significant positive correlations were primarily found between the
middle and end of training. These results indicate that performance was consistent across the

delay conditions and training.

Proactive interference.

The role of proactive interference was investigated by comparing accuracy at each delay
length at the beginning, middle, and end of each session in each point in training. While no

changes in accuracy within a session were detected by a visual inspection of the data, this was
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confirmed with a three-way repeated measures ANOVA. To avoid redundancy with the previous
sections, the main effects and interaction between the delay condition and amount of training are
not reported here. There was no main effect of when in the session performance was measured
(F (2, 34) < 1). There was no interaction with amount of training (F (4, 68) = 1.25, p =.299),
with delay (F (6, 102) = 2.05, p = .066), or with amount of training and delay (F (12, 204) =

1.07, p = .385).

Age effects.

The individual subject data in Figures 5.2 and 5.3 were organized by age using a gradient,
with younger subjects in darker shades and older subjects in lighter shade. There were no
obvious age-related effects, but to further investigate this possibility, a Spearman correlation
between age of the subject in years and performance at each delay over different amounts of
training was conducted for the accuracy (Table 5.3) and log-transformed data (Table 5.4).
Correlations were close to zero, except for accuracy data during the 0 s delay condition in the
middle of training, which had a significant positive correlation (rs (16) = .496, p = .036). This
indicates that, generally, age did not impact performance and when it did, older subjects had

better performance than younger subjects.

To better visualize performance and age, subjects were divided into two groups. Subjects
younger than 4 years old were in the ‘young’ group (n = 9) and subjects older than 11 years old
were in the ‘old’ group (n = 9). Performance across the groups almost completely overlapped,
though the old group tended to outperform the young group (Figure 5.4). A 2x4x3 mixed
ANOVA, with age group as the between subject factor and delay and amount of training as the
within subject factors, was used to further investigate age on the accuracy and log transformed

data. To avoid redundancy, only the age group results are reported. For the accuracy data, there

140



was no main effect (F (1, 16) < 1), or interaction between age and delay (F (3, 48) = 1.27,p =
.294), age and amount of training (F (2, 32) = 1.82, p =.179), or between all three factors (F (6,

96) < 1). The results for the log transformed data were virtually identical.

Discussion

The goal of this experiment was to investigate individual differences in performance on
the DMTS to determine if it would be appropriate to include in a cognitive test battery for
pigeons. Before subjects trained on the DMTS, they were initially trained on the simultaneous
MTS. The simultaneous MTS could track variation in learning stimulus configurations, but there
was not enough variability across subjects in the number of sessions to reach criterion to detect
individual differences in cognition. This may have been due to the correction procedure, where
the trial would repeat until subjects pecked the correct comparison. This correction procedure
was used to reduce side biases (consistently pecking the left or right key; Kangas et al., 2011),

but may have been at the expense of reducing individual differences.

To investigate the DMTS, performance was analyzed using accuracy and a log
transformation at each delay length after different amounts of training. The results replicated
previous research where performance was always progressively worse with longer delays
between the sample and comparison, but performance significantly improved with training
(Figure 5.2, 5.3; Kangas et al., 2011). This indicates that this procedure is effective at improving
performance, but not all subjects improved equally. When accuracy data were used, variance was
significantly higher in the 4 and 8-sec delay conditions at the end of training compared to the
beginning. When the log transformed data were used, variance was significantly higher in the 2,
4, and 8-sec delay conditions (Table 5.2). This variability indicates that this procedure and

training length is sensitive enough to detect individual differences in performance at all delay
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lengths and could be used in a cognitive test battery for pigeons. Despite the increase in
variability, performance was positively correlated across the different training points, indicating
that subjects were consistent across training. This means the task captures both between subject

variability and within subject reliability.

While the DMTS is sensitive to individual differences, it is crucial to understand why
there are differences across subjects. The ability to combat proactive interference was
investigated as a potential mechanism causing individual differences in subject performance. As
described in the introduction, proactive interference is related to WM and intelligence in humans
and mice, but there is no compelling evidence that it impacts performance on the DMTS for
pigeons. If proactive interference was impacting performance, then accuracy would have been
lower later in the session after it had time to build up (Bunting, 2006), especially with a small set
size (Anderson & Colombo, 2019). Yet, performance on the delays did not show any significant

differences in performance across the session.

Even though proactive interference does not seem to impact performance, the DMTS
would still be a valuable addition to a cognitive test battery for pigeons because it shows within
subject reliability and between subject variability and has long experimental history. While any
speculations on how a general cognitive factor differs in pigeons compared to other species are
premature, these results suggest interesting follow up experiments to better understand memory
in the pigeon. Memory is not a unitary cognitive ability, and even though the DMTS is used
extensively, there are other tasks that also assess memory performance (Wright et al., 2010;
Spetch &Edwards, 1986). Administering a more specific memory test battery could be helpful in
understanding what aspects of memory are shared across tasks and which are unique (Shaw &

Schmelz, 2017). This would enhance our understanding of the processes underlying memory,
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similar to the memory research conducted in humans (Conway et al., 2003; Shipstead & Engle,
2013). Age was also investigated as a potential factor that could impact performance since
previous research with mammals has shown age related impairments (Lamar & Resnick, 2004;
Rodriguez & Paule, 2009). Surprisingly there were no differences in performance based on
subject age for any delay length at any point in training (Figure 5.4). While it is outside of the
scope of this paper, these results highlight an important difference in avian and mammalian
aging that should be investigated further. For the cognitive test battery, these results indicate that

this task could be used for subjects of any age.

Overall, a DMTS procedure that administers 30 sessions of training for delays of 0, 2, 4,
and 8 s with red and green stimuli, is appropriate to include in a cognitive test battery for
pigeons. Performance was distinct at each delay length, but there was sufficient variability across
subjects to detect individual differences, particularly with a log transformation. Even though
there was variability across subjects, this was not due to proactive interference, which could

indicate an important difference in procedures used in humans and mice compared to pigeons.
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Figure 5.1. An example of a trial during the delay match to sample procedure. Panel a depicts
the sample phase, when only one stimulus is presented, panel b depicts the delay phase when no
stimuli are presented, and panel ¢ depicts the choice phase when the two comparison stimuli are

presented. In this example, subjects should choose the red comparison since it matches the
sample.
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Figure 5.2. Accuracy of performance at each delay length at the beginning, middle, and end of
training. The horizontal line indicates chance performance. Data were organized by age, where
younger subjects are represented by darker shades and older subjects are represented by lighter

shades.
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Figure 5.3. Log transformed data of performance at each delay length at the beginning, middle,
and end of training. Data were organized by age, where younger subjects are represented by
darker shades and older subjects are represented by lighter shades.
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Post hoc Analyses with a Bonferroni Correction

Point in Training

Comparisons
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Table 5.1. Post hoc analyses comparing differences in performance at each delay length during each point in training. Bolded p
values indicate significant differences
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Levene's Test for Equality of Variances

Accuracy Log Transformed
Delay (s) Based On F DF p F DF p
0 Mean 0.51 (1, 34) 0.48 1.092 (1, 34) 0.303
Median 0.708 (1, 34) 0.406 1.338 (1, 34) 0.256
Median with adjusted df 0.708 (1,33.7) 0.406 1.338 (1,32.86) 0.256
Trimmed Mean 0.659 (1, 34) 0.423 1.177 (1, 34) 0.286
2 Mean 3.025 (1, 34) 0.091 9.018 (1, 34) 0.005
Median 2.887 (1, 34) 0.098 8.301 (1,34) 0.007
Median with adjusted df 2.887 (1,30.15) 0.1 8.301 (1, 25.35) 0.008
Trimmed Mean 2.84 (1, 34) 0.101 8.835 (1, 34) 0.005
4 Mean 5.055 (1, 34) 0.031 9.83 (1, 34) 0.004
Median 4376 (1, 34) 0.044 9.899 (1,34) 0.003
Median with adjusted df 4.376 (1,28.08) 0.046 9.899 (1,24.24) 0.004
Trimmed Mean 4899 (1,34) 0.034 9.813 (1, 34) 0.004
8 Mean 5675 (1,34) 0.023 6.196 (1, 34) 0.018
Median 4.633 (1, 34) 0.039 6.244 (1, 34) 0.017
Median with adjusted df 4.633 (1,25.87) 0.041 6.244 (1,21.88) 0.02
Trimmed Mean 5.816 (1, 34) 0.021 6.524 (1, 34) 0.015

Table 5.2. Comparing the variance of performance at the beginning and end of training. Bolded values indicate a significant
difference
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Accuracy Beginning Middle End

Delay (s) 0 2 4 8 0 2 4 8 0 2 4 8
0 rs -
p .
2 Is 0.567 -
p 0.014 :
4 rs 0.199 0.516 --
p 0.428 0.028 .
8 s 0.295 0.801 0.323 -
p 0.235 >.001 0.19 :
0 rs 0.502 0.56 0.162 0.499 --
p 0.034 0.016 0.521 0.035 .
2 Ts 0579 0.779 0.382 0.681 0.62 -
p 0.012 >001 0.118 0.002 0.006 :
4 rs 0516 0.697 0.286 0.669 0.657 0.931 --
p 0.029 0.001 0.25 0.002 0.003 >.001 .
8 s 0.445 0.678 0437 0467 0324 0817 0.711 --
p 0.064 0.002 0.07 0.051 0.189 >.001 0.001 )
0 rs 0.549 0.621 -0.017 0531 0568 0494 0.494 0.337 --
p 0.018 0.006 0.947 0.023 0.014 0.037 0.037 0.172 :
2 Ts 0555 0461 0.129 0.334 0.602 0.629 0.671 0.505 0.64 --
p 0.017 0.054 0.61 0.175 0.008 0.005 0.002 0.033 0.004 .
4 rs 0.613 0.737 0.325 0.702 0.715 0.873 0.875 0.736 0.69 0.741 -
p 0.007 >001 0.188 0.001 0.0010 =>.001 =>.001 =>.001 0.002 >.001 .
8 s 0.56 0508 0.094 0431 0546 0663 0.646 0.544 0.581 0.807 0.796 --
p 0.016 0.031 0.711 0.074 0.019 0.003 0.004 0.019 0.012 >.001 >.001
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Age I's 0371 0.084 0.236 -0.062 0.49 0.153 0.169 -0.118 0.069 0.034 0.111 0.007
p 013 0.742 0.345 0.807 0.036 0543 0503 0.642 0.786 0.893 0.662 0.977

Table 5.3. Correlation matrix of performance over each point in training at each delay length for the accuracy data.
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Log Beginning Middle End
Delay (s) 0 2 4 8 0 2 4 8 0 2 4
0 rs --
P
2 Ts 0.423 --
P 0.08
4 rs 0.178 0529 --
p 0.479 0.024
8 s 0337 0.787 0.355 --
p 0.172 >.001 0.148
0 rs 0.672 0.635 0.12 0476 --
p 0.002 0.005 0.636 0.046
2 Ts 0.618 0.663 0.26 0.629 0.779 --
p 0.006 0.003 0.298 0.005 >.001
4 rs 0.581 0567 0.214 0.667 0.694 0.927 --
p 0.011 0.014 0.393 0.002 0.001 >.001 .
8 s 0.433 0472 0.308 03 0473 0799 0.702 --
p 0.073 0.048 0.213 0.227 0.047 >.001 0.001 .
0 rs 0.557 0591 0.077 0574 0.625 0561 0529 0.326 --
p 0.016 0.01 0.76 0.013 0.006 0.015 0.024 0.187 .
2 Ts 0.517 0.33 0.001 031 0501 0.606 0.623 0.519 0.692 --
p 0.028 0.181 0.997 0.211 0.034 0.008 0.006 0.027 0.001 .
4 rs 0.642 0618 0.282 0662 0.742 088 0863 0.711 0.713 0.728 --
P 0.004 0.006 0.257 0.003 >.001 >001 >001 0.001 0.001 0.001 .
8 s 0.542 0.467 0.147 0457 0549 0619 0597 0474 0677 0.787 0.818
p 0.02 0.051 056 0.056 0.018 0.006 0.009 0.047 0.002 >.001 >.001




Age Is 0.363 -0.052 0.252 -0.069 0.411 0.084 0.115 -0.143 0.035 -0.048 0.113 0.069
p 0.139 0.837 0.312 0.785 0.09 0.741 0.649 0.57 0.889 0.851 0.655 0.785

Table 5.4. Correlation matrix of performance over each point in training at each delay length for the log transformed data.
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Chapter 6: Choice Reaction Time

Abstract

How quickly a person can detect a change in their environment or make a decision about
simple stimuli is consistently related to performance on intelligence tests, where more intelligent
people are consistently faster. This relationship between reaction time (RT) and intelligence has
been replicated with numerous tasks. Recently, a variety of species have shown evidence for a
general cognitive factor. A key similarity between the general cognitive factor in animals and
intelligence in humans is consistent performance across a variety of cognitive tasks. This
indicates that intelligence has similar properties across species. Replicating the speed and
intelligence relationship in animals would provide additional evidence that intelligence has
similar features across species. Yet, measures of speed are rarely included when investigating
general cognitive abilities in animals. The goal of these experiments was to create a procedure to
assess RT in pigeons using a touchscreen in a way that was similar to previous research with
humans. The task was based on Hick’s law, for which RT increases as the number of binary
choices increases. While other research has shown that pigeons conform to Hick’s law, our
procedures failed to replicate this effect. In Experiment 1, subjects showed an ‘anti-Hick’s’
effect that was an artifact of stimulus location on the monitor. After controlling for location, RT
did not increase with the number of choices. Potential reasons why these procedures did not
produce a Hick’s effect and how the results are still relevant when investigating general

cognitive abilities in animals are discussed.

Introduction
When people are given a diverse battery of cognitive tasks, there will be differences in

performance across people, but there will be consistent performance across tasks, such that if a
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person performs well in one task, they are likely to perform well in another (Deary, 2000;
Spearman, 1904). This pattern of between-subject variability and within-subject reliability results
in a positive correlation matrix. Using dimension reduction techniques, like factor analysis or
principal component analysis, on this positive correlation matrix will extract one factor that can
account for approximately half of the variance in performance across people (Carroll, 1993;
Deary, 2000). This factor is referred to as g since it is related to almost all cognitive abilities
(Deary, 2000; Spearman, 1904). A g factor has been extracted with different intelligence test
batteries in different cultures and is one of the most well-replicated findings (Johnson et al.,
2004; 2008). Despite how consistently g is replicated, we still do not understand why
performance positively correlates across tasks (Conway & Kovacs, 2015). This is partially
because of restrictions on the types of causal manipulations that can be administered to people.
Animal models could be used to investigate potential causes of g that would not be ethical or
feasible to investigate in people. First, however, it needs to be determined that animals have a
similar general cognitive ability. So far, when many species are given a diverse cognitive test
battery, performance positively correlates across tasks and one factor is extracted (Ashton et al.,
2018; Flaim & Blaisdell, 2020; Isden et al., 2013; Kolata et al., 2008; Shaw et al., 2015). The
initial results are promising, but a similar pattern of results does not necessarily indicate the same
causal factor. One of the issues is the difference in cognitive test batteries applied to humans

compared to those applied to nonhuman animals (hereafter just “animals™).

While there are similarities in cognitive test batteries across species, for example they
almost always include a learning and memory task, only human test batteries assess processing
speed (Carroll, 1993; Deary, 2000; Flaim & Blaisdell, 2020). Processing speed is a broad term

used to generally describe how quickly participants can react to a stimulus or make a decision.
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While many tasks could assess processing speed as described here, the tasks generally fall into
five categories, reaction time (RT), general speed of information-processing, speed of short-term
memory processing, speed of long-term memory retrieval, and inspection time (Sheppard &
Vernon, 2008). For example, the Posner letter matching task assesses speed of long-term
memory retrieval by asking participants to quickly decide whether two sets of letters match
physically (AA is a match while Aa is not) or semantically (AA and Aa are a match; Posner &
Mitchell, 1967). While each speed task has unique aspects, there is evidence for a domain
general speed factor that is related to g and intelligence (Carroll, 1993; Neubauer & Bucik, 1996;
Schubert et al., 2015). People who perform well on intelligence tests are consistently faster on
many different types of speeded tasks. The average correlation between performance on each
speed task and intelligence tests is modest (r = -.24) but consistent (Deary, 2000; Sheppard &
Vernon, 2008). The reason for this correlation is unclear. Other cognitive mechanisms, like
attention (Longstreth, 1984; Stankov & Roberts, 1997), and biological mechanisms, like neural
processing speed (Schubert et al., 2019) have been theorized to explain the correlation between
speed and intelligence, but so far no one explanation has received unequivocal support. Even
though the underlying mechanism responsible for the speed and intelligence relationship has yet
to be identified, the consistency of the correlation indicates a key property that needs to be
replicated in cognitive test batteries given to animals. Choice RT tasks based on Hick’s Law, that
RT will increase linearly as the number of binary choices increases, utilize relatively simple

stimuli and instructions (Hick, 1952), that would be ideal for adapting for use with animals.

In one variation of a Hick’s RT task, there is a center ‘home’ button and an array of lights
or potential targets (PTs) that varies in number from 1, 2, 4, and 8. Each array represents 0, 1, 2,

and 3 bits of information (Jensen, 1982; Sheppard & Vernon, 2008; Widman & Carlson, 1989).
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Participants must rest their finger on the center home button until they hear a brief auditory cue.
That indicates that in 1-4 seconds, one of the stimuli in the array will light up or change,
becoming the target. Then participants remove their finger from the home key and touch the
target or a button below the target as quickly as possible (Jensen, 1982; Widman & Carlson,
1989). Despite the simplicity of the procedure, a variety of dependent measures from the task
have been investigated with respect to intelligence. The most obvious is the bit condition and
RT. Even in the 0-bit condition, when there is only one PT present, there is negative correlation
between RT and intelligence, meaning that faster participants perform better on intelligence tests,
and this correlation tends to get stronger across the bit conditions, that is, with increases in
information (Sheppard & Vernon, 2008). The variability in RT, often reported as the standard
deviation, also correlates with intelligence, where more consistent participants perform better on
intelligence tests (Doebler & Scheffler, 2016). The slope of the RT as the bit condition increases
has also been investigated. For many participants, RTs increase as predicted by Hick’s law
(Neubauer, 1991). Some researchers have found that more intelligent participants have a
shallower slope, meaning there is a smaller increase in the RT as the bits of information increase
(Jensen, 1982), but this has not always been replicated (Longstreth, 1984; Widaman & Carlson,
1989). As already mentioned, the simplicity of the task and variety of dependent measures that
can be obtained, make this an ideal task to modify for animals. One modification for pigeons has

already been successful, but so far it is the only one.

Vickrey and Neuringer (2000) developed a touchscreen version of the Hick’s RT task for
pigeons. They found that the RT of pigeons increased with number of choices as predicted by
Hick’s Law, but the slope was much shallower compared to humans given a similar version of

the task. While their version of the task was effective at revealing a Hick’s effect, there are some
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procedural differences that could impact performance. First, in the pigeon procedure, as soon as
the subject pecked the home key, one of the PTs would become the target. This means there was
no uncertainty about when the target would appear, unlike in the procedures usually used with
humans. Previous research in humans has shown that RTs are slower when there is a variable
amount of time between the ‘warning’ stimulus and the onset of the target (Broadbent &
Gregory, 1965). When the interval between the warning and target is short and constant, RT
could reflect participants learning the timing instead of detecting the target (Crabtree & Antrim,
1988). Additionally, some research indicates that differences in the ability to sustain attention
during the interval between the warning stimulus and target could influence the correlation
between RT and intelligence (Carlson et al., 1983). Second, the PTs could appear above or
below the home key, resulting in a full circle of potential locations. This is a wider spatial range
for the target and more potential locations than typically seen in human studies. Previous
research in humans indicated a positive trend between RT and distance between stimuli
(Widman & Carlson, 1989). While these effects were not significant, the potential distance
between stimuli is larger in the Vickrey and Neuringer (2000) paradigm, which could have a
larger impact on performance. These two procedural changes could have opposing effects on RT
in humans, where the predictable arrival of the target could make participants faster, while the
spatial arrangement could make them slower. It is unclear if these differences would have a
similar effect on pigeon RTs since the properties of pigeon RTs are not well established.
Administering variations of the Hick’s task would be helpful for understanding which parameters

will impact RT and if the Hick’s effect is robust in pigeons.

The remaining procedural differences would make it difficult to incorporate into a larger

cognitive test battery due to the length of training. In the Vickrey and Neuringer (2000)
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procedure, subjects had to peck a reinforcing star after pecking the target. Training a sequence of
pecks (home key, target, then reinforcing star) could extend the initial instrumental training
needed for subjects to perform the task. Similarly, pigeons received extensive training with their
modified Hick’s procedure, a marked contrast from the human intelligence literature. Human
participants receive 5-10 practice trials and 15-30 experimental trials at each bit-condition during
a single session for a total of 64-160 trials (Carlson & Jensen, 1982; Widman & Carlson, 1989).
Pigeons received at least 64 practice trials, though the exact number is difficult to determine, and
16-32 experimental trials at each bit condition for 25 sessions for a total of 2,496 experimental
trials. While animal subjects will always need more training since they cannot be given verbal
instructions like humans (Zentall, 1997), it is not clear if such extensive training is necessary to
compare the results from pigeons to humans. If the initial training and experimental procedure
can be completed in a shorter amount of time, it would be easier to include a modified Hick’s

task in a larger test battery.

The goal of these experiments was to create a touchscreen version of the task that was
more comparable to that given to humans, and one that is more streamlined so it could be
incorporated into a larger cognitive test battery. Even though the focus of this task has been on
general cognitive ability, it could also be instrumental in investigating age related changes in
cognitive ability as well (Salthouse, 1996). It has been consistently demonstrated that older
adults are slower at a variety of speed related tasks, including those based off Hick’s law
(Sleimen-Malkoun et al., 2013). The experimental sample ranges in age from 0.5-18 years old
and age-related changes in cognitive performance have been found at 10 years old (Coppola et
al., 2014, 2015; Table 6.1). Therefore, age was a potential factor, besides general cognitive

ability, that could also result in a slower RT.
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We present the results from three experiments in pursuit of these goals to create a more
efficient RT task for pigeons. While many of the procedural details were chosen to be more
similar to what is typically used in human experiments, we did maintain a key difference. In
many human experiments, the bit conditions are presented in blocks in ascending order. Under
these conditions, the bit condition correlates with the amount of practice on the task,
confounding the results (Longstreth, 1984; Neubauer, 1991; Widman & Carlson, 1989). To avoid
this confound, the bit conditions were presented in a pseudorandomized order for all
experiments. In Experiment 1, bit condition and the screen locations of the PTs were fixed. For
example, in the 1-bit condition, the two PTs would always appear to the left and right of the
midline (Figure 6.1). In Experiment 2, the screen location of the PTs was pseudorandomized
such that the PTs could appear in any of the eight locations, irrespective of bit condition. In
Experiment 3, the screen locations of the PTs were pseudorandomized as in Experiment 2, but
the difference between the PT and the target was less obvious by reducing target salience. While
these experiments were successful in creating a touchscreen version of the Hick’s RT task that
was more similar to what had been given to humans, and more streamlined in terms of training,
we did not replicate the Hick’s effect in pigeons with these procedures. Potential reasons for

these results and implications for assessing RT in animals are discussed.

Experiment 1

For this experiment, the home key was centered near the bottom of the screen, while the
PTs could appear in a semi-circle arrangement above. The bit condition and location of the PTs
was fixed, meaning that the screen locations of the PTs were fixed for each bit condition.
Additionally, we instituted a variable peck requirement to the home key to activate target

presentation. This created uncertainty around when a PT would become a target. These
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parameters were chosen to match what has typically been given to human participants. Having
the screen locations fixed for each bit condition results in subjects receiving more exposure to
and reinforcement of some screen locations relative to others, which could bias RTs (Longstreth,
1984; Neubauer, 1991; Widman & Carlson, 1989). While we recognize this confound, the goal
of this experiment was to create a procedure more similar to what has been given to human

participants (Jensen, 1982).

Methods

Subjects.

Six pigeons served as subjects. Subjects ranged in age from 0.5 — 12 years and three were
male (Table 6.1). One subject, Odin, had only received training to peck the touchscreen. Two
subjects, Goodall and Darwin, were initially trained with a slightly different, pilot version of the
task where the PTs were in a higher position, which were difficult for some subjects, including
Darwin, to reach. This led to differences in RT that were not due to differences in detecting a
change in stimuli. The remaining subjects, Wenchang, Luigi, and Wario, had experienced tasks
that emphasized associative learning. Additionally, these tasks did not have time sensitive trials,
so they were naive to tasks that had a timed component. Subjects were individually housed in
steel home cages with metal wire mesh floors in a vivarium. They were maintained at 80% of
their free-feeding weight, but were allowed free access to water and grit while in their home
cages. Testing occurred at approximately the midpoint of the light portion of the 12-hour light-

dark cycle. All procedures were approved by the UCLA Institutional Review Board.

Apparatus.

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38

cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
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LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. The bottom edge of the viewing window was 13 cm above the chamber floor.
Pecks to the monitor were detected by an infrared touchscreen (Carroll Touch, Elotouch
Systems, Fremont, CA) mounted on the front panel. A custom-built food hopper (Pololu,
Robotics and Electronics, Las Vegas, NV) was located in the center of the front panel, its access
hole flush with the floor. The food hopper contained a mixture of leach grain pigeon pellets and
seed (Leach Grain and Milling). All experimental events were controlled and recorded with a
Pentium Ill-class computer (Intel, Santa Clara, California). Stimuli were presented using the

2.7.11 version of Python with the Psychopy toolbox, version 3.0.3 (Peirce, 2007).

Stimuli.
There could be 1-9 circular stimuli, measuring 2 cm in diameter present on the screen
during a trial. Each stimulus could either be a white outline or filled with white. The white

outline was 1 mm thick. The background of the screen and of the white outline stimulus was dark
gray.

Procedure.

Preliminary instrumental training.

Each subject received one session per day, 5-7 days a week. Each session consisted of 80
trials. The number of sessions and trial number was consistent throughout the duration of the
experiment. During each trial, one stimulus was always present, centered 2.5 cm above the
bottom of the viewing window and served as the home key. In the first phase of preliminary
training, the home key was filled with white and subjects had to peck the home key to receive a
food reward. Pecks within 0.7 cm of the edge of the home key were accepted and the subject had

to make a mean response of three pecks (VR3, 3 +/- 2 pecks). The pigeon had 15 s to complete
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this peck requirement. After meeting the peck requirement, the trial was terminated, the hopper
area was illuminated, and the hopper was raised for 3 s. After the hopper was lowered, there was
a 3 s inter-trial interval (ITI). If the pigeon failed to meet this requirement, the trial was
terminated and the ITI began. These consequences were consistent throughout the entire
experiment. When a pigeon reached criterion, completing the peck requirement for 90% of the
trials on two consecutive sessions, it was moved to the second phase of pretraining. This

criterion was used throughout the pretraining.

In the second phase of pretraining, each trial had two phases, the home key phase (HKP)
and the choice phase. During the HKP, there was a white outline of a circle 5 cm above the home
key. This was a PT. Subjects had to complete the same peck requirement to the home key as
described above (VR3). If subjects failed to meet this requirement, the choice phase was not
started. Instead, the subject went immediately into the ITI and afterwards the trial was repeated
(HKP correction). If subjects met the peck requirement for the home key, the home key was
replaced with a white outline, and the PT was filled with white, thereby becoming the target.
This marks the beginning of the choice phase. The pigeon had to peck the target once (FR1) to
receive a food reward. Pecks within 0.7 cm of the target were accepted. The pigeon had 15
seconds to complete the choice peck requirement. If it failed to complete the choice peck
requirement, it did not receive a food reward. Pecks to the home key and screen background
during the choice phase were neither punished nor reinforced. When a pigeon reached criterion,
the available time to peck the target during the choice phase decreased in 5 second increments,
until the pigeon only had 5 seconds to complete the peck requirement. After reaching criterion
under these conditions, the pigeon moved on to the modified Hick’s paradigm (MHP) described

next.
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Modified Hick’s paradigm.

During the MHP, the home key was always present at the start of the trial, and 1, 2, 4, or
8 PTs were present (Figure 6.1). These represented 0, 1, 2, and 3 bits of information (binary
choices), respectively. All stimuli were 7 cm distance from the home key as measured from edge
to edge. In the 0-bit condition, the PT was placed directly above the home key (Figure 6.1,
panels A and B). When more than one PT was present, there were always 2 cm between each,
measuring from edge to closest edge. During the 1-bit condition, the two PTs were offset to the
left and right of the center (Figure 6.1, panels C and D). As the bits of information increased, PTs
were added to the left and right, forming a semi-circular arrangement (Figure 6.1, panels E and
F, and G and H). Each location is referred to by which side of the screen it is located and its
ordinal position in the direction away from the midline of the screen. This resulted in the
following labeled PTs: bottom left (-4), bottom middle left (-3), top middle left (-2), top left (-1),
top right (+1), top middle right (+2), bottom middle right (+3) and bottom right (+4). The PTs

were only presented in these arrangements.

Each trial in the MHP consisted of two stages, the HKP (Figure 1, left panels) and the
choice phase (Figure 1, right panels), similar to what was described for preliminary training. If
the subject failed to meet the peck requirement to the home key, the choice phase was not
started. Instead, the trial went immediately into the ITI and then was repeated (HKP correction).
Correction trials were not included in calculations of total trial number. During the choice phase,
when multiple PTs were present, there was only one target. If the subject pecked the target, it
was followed with the food reward and ITI. If the subject pecked a PT, the trial was terminated
and was counted as an error. Pecks to the background screen and home key were neither

reinforced nor punished. Subjects had 5 s to complete the choice phase peck requirement. If they
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did not peck any of the targets within 5 s, the trial was terminated and counted a ‘Miss’. The RT

for ‘Miss’ trials was the ceiling value of 5 s.

The bit conditions were presented in a pseudorandomized order. The trials were
organized into ten 8-trial blocks. Each bit condition could be presented twice without
replacement in each block. This means that each bit condition had the potential to be presented
for four consecutive trials, but the randomization made it highly unlikely. The bit conditions
were presented in a pseudorandom order to ensure that the amount of experience with the task
was equal across each bit condition (Widman & Carlson, 1989). There were 80 trials per session,
20 trials for each bit condition. Subjects received 10 sessions of training for a total of 800 trials.
Trials where subjects did not meet the home key peck requirement were not included in

calculations of total trial number.

Data analysis.

The median and standard deviation RT in seconds was collected for each PT number and
each target screen location. Only trials where subjects pecked the target were included in
analysis, trials with errors of commission or omission were excluded. Practice effects were
examined by comparing the median RT collapsed over the first three to RT collapsed over the
last three sessions. Data were analyzed using Python3, version 3.8.3, with the Jupyter Notebook
interface, version 6.0.3, R version 3.6.2 with RStudio interface version 1.2.5033, and SPSS,

version 27.
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Results

Bit condition.

The type of errors made during each bit condition throughout training was collected for
each subject (Table 6.1). All subjects made at least one error, but generally there were more
errors of omission, particularly for the 0-bit condition. A visual inspection of the data indicated
that the error rate was relatively constant over training and, collapsed across all sessions, errors
occurred on less than 10% of trials. Because subjects had relatively few errors throughout
training and it would be difficult to determine why the errors had been committed, these trials are
excluded from the subsequent analyses. The total number of trials excluded for each subject are

reported in Table 6.1.

Median RTs were calculated for each subject for each bit condition for the first and last
three sessions and over all 10 sessions (Figure 6.2a). In general, subjects were slowest during the
0-bit condition and fastest in the 3-bit condition. Training did not have a consistent effect across
subjects because some subjects, like Wenchang, were faster in the last three sessions, while other
subjects, like Luigi, were slower. A two-way repeated measures ANOVA was used to determine
if there was a significant difference in median RT across bit conditions and amount of training.
The amount of training included performance collapsed over all 10 sessions and the first and last
three sessions. The bit condition failed Mauchly’s test of sphericity (x? (5) = 17.6, p = .005) so a
Greenhouse-Geisser correction was used. There was no main effect of bit condition (F (1.14,
5.68) = 10.28, p = .018) or of how much training subjects had (F (2, 10) < 1). There was no
interaction between bit condition and amount of training, F (6, 30) < 1. Because there was no
significant effect of training, performance collapsed all 10 sessions of training were used in the

subsequent analyses.
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A simple linear regression was used to investigate the relationship between bit condition
and RT for each subject in more detail, where bit condition was the predictor and RT was the
dependent variable (Table 6.2). For all subjects, the slope of the line was negative and the
average slope was -0.06, indicating that as bit condition increased, RT decreased by .06 seconds.
Although all subjects showed a significant negative slope in RT, the adjusted R? values were

small, with a mean value of .041.

Location.

Median RTs as a function of screen location of the target was also investigated. Across
bit conditions, subjects were generally slowest at the most central locations and faster the further
the target location was from the center (Figure 6.2b). A two-way repeated measures ANOVA
was used to investigate whether there were any differences in RT based on screen location of the
target and bit-condition. The screen locations in the analyses were restricted to the locations
shared across the bit conditions. For the most central locations (-1, +1), the 1, 2, and 3-bit
conditions were included in the analysis. There was no main effect of bit-condition (F (2, 10) <
1) or of screen location (F (1, 5) < 1), nor was there an interaction (F (2, 10) < 1). For the -2, -1,
+1, and +2 locations, the 2 and 3-bit conditions were included in the analysis. There was no main
effect of bit condition (F (1, 5) < 1) or of screen location (F (3, 15) = 3, p = .064), nor an

interaction between bit condition and screen location (F (3, 15) < 1).

A repeated measures ANOVA was used to investigate whether there were any differences
in RT in the 3-bit condition in which the target could appear in any of the eight screen locations.
There was not a main effect of screen location on RT in the 3-bit condition, F (7, 35) = 1.69, p =

144,
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Discussion

Training did not have a clear or significant effect on median RT since some subjects were
slower in the first three sessions compared to the last three, while other subjects showed the
opposite effect. It is not as surprising that some subjects became faster with experience since that
result has been found in the previous literature (Vickrey & Neuringer, 2000). It is more difficult
to understand why some subjects were slower with experience. Median RT may have increased
due to fatigue, boredom, or lower motivation due to satiation, but it is not possible to determine
which, if any, impacted performance. It is unlikely that a slower RT is due to a speed-accuracy
trade off considering the overall error rate was small and constant during training. To minimize
potential effects of practice, the median RT was collapsed across all 10 sessions. Subjects
showed the opposite of the predicted results, subjects were slowest in the 0-bit condition and
fastest in the 3-bit condition (Figure 6.2a), though the difference between bit-conditions was not
significant in this analysis. All subjects had a negative slope, but bit condition accounted for a
relatively small amount of the variance in performance, indicating that other factors had better
explanatory value, in particular the target screen location. Subjects could have been slowest to
peck and had the most errors of omission in the 0-bit condition because the target was at the
highest physical location on the screen, possibly as a result of having to stretch their necks up to
reach those locations (personal observation). While we confirmed that subjects could physically
reach the target in the 0-bit condition, it may have been more difficult for subjects to coordinate
and execute the peck response to that location. Almost all subjects had the longest latencies for
targets that were higher on the screen, irrespective of the bit condition (Figure 6.2b). Even
though most subject showed a similar pattern of RT based on screen location, the variability

across subjects may have prevented finding significant differences. Since the available number
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of PTs was confounded with screen location, it was unclear whether we uncovered a real ‘anti-
Hick’s’ effect or if it was an artefact of the display setup. To distinguish between these accounts,

the next experiment separated screen location of the target and the number of PTs.

Experiment 2

In Experiment 1, we found an ‘anti-Hicks’ effect that may have been due to the screen
locations of the PTs. In this experiment, PTs were still restricted to the semi-circular arrangement
described in Experiment 1, but there was no restriction on the screen location of PTs across bit
conditions. Thus, a PT could appear in any of the 8 locations. To equalize the effect of location
across bit conditions, the target would appear equally often in each location for each bit
condition. Seven new subjects were trained on this ‘random’ version of the task. Each session
included more trials so the target could be presented at each location for each bit condition, but

subjects received fewer sessions to keep the overall amount of training similar to Experiment 1.

Method

Subjects.

Seven new pigeons served as subjects. Subjects ranged in age from 0.5 — 18 years old and
four were male (Table 6.1). The amount of experience subjects had with other cognitive tasks
varied, but none of the subjects had experience with a similar RT task. One subject, Thoth, had
only received training to peck the touchscreen. Subjects were housed and maintained as

described in Experiment 1.

Apparatus and stimuli.

The testing apparatus and stimuli were the same as described in Experiment 1.
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Procedure and data analysis.

The preliminary training for the random version of the task was the same as described in
Experiment 1. The random MHP was very similar to what was used in Experiment 1, in terms of
the HKP, choice phase, and food reward. The key difference in the random MHP, was that PTs
could be presented in any of the eight screen locations, irrespective of bit condition, and the
target was presented equally often at each location for each bit condition. Subjects trained for
nine sessions and there were 96 trials per session for a total of 864 trials. Within each session
there were 24 trials for each bit condition, and the target was presented in each location three
times for each bit condition. The trials were organized into three 32-trial blocks. Each bit
condition could be presented with the target at each location once without replacement in each

block. The data were analyzed as described in Experiment 1.

Results

Errors

The total number of omission trials was higher in the random variation of the task (M
=19.14, SD = 23.57) compared to the first experiment (M = 16.33, SD = 18.79, Table 6.1).
Additionally, in this variation, omissions were more evenly distributed among the bit-conditions,
whereas in the first experiment omissions mostly occurred in the 0-bit condition. The number of
commission errors was lower in this experiment (M = 4.71, SD = 6.78) compared to the first
experiment (M =9, SD = 12.31). The commission errors were distributed in a similar way across
experiments, occurring more frequently during the 2 and 3-bit conditions (Table 6.1). A 2x4
mixed ANOVA was used to compare the number of omission and commission errors across the
bit conditions in each experiment. The bit-condition for the omission data failed Mauchly’s test

of sphericity (x? (5) = 11.71, p = .04), so a Greenhouse-Geisser correction was used. There was
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no main effect of bit-condition (F (1.74, 19.17) = 3.27, p = .066), or of experiment (F (1, 11) <
1), nor an interaction (F (3, 33) = 2.06, p =.159). Similar results were found with the
commission errors. There was no main effect of bit condition (F (2, 22) = 1.98, p =.161) or of

experiment (F (1, 11) < 1), nor an interaction (F (2, 22) < 1).

A visual inspection of the data confirmed that the error rate was constant across the
training. Due to the difficulty in interpreting errors, as explained earlier, only the median RT
from hit trials was used in the subsequent analyses. The number of trials excluded for each

subject can be found in Table 6.1.

Bit condition.

In general, the median RT did not change across the bit conditions across training (Figure
6.3a). The amount of training did not have a similar effect across subjects and a two-way
repeated measures ANOVA, with bit-condition and amount training as the within-subject factors,
was used to investigate the potential effects of practice. The amount of training failed Mauchly’s
test of sphericity (x? (2) = 9.59, p = .008), so a Greenhouse-Geisser correction was used. There
was no main effect of bit condition (F (3, 18) < 1) or of amount of training (F (1.08, 6.48) < 1),
nor an interaction (F (6, 36) < 1). Therefore, the median RT collapsed across all 9 sessions of

training was used in the subsequent analyses.

A simple linear regression was used to further investigate the relationship between bit
condition and RT for each subject (Table 6.2). For all subjects, the slope was near 0 and bit

condition could not account for any of the variance in RT.
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Location.

The median RT based on target location showed a ‘W’ pattern, where RT was generally
longest at the most central locations, was faster as the target was presented along the periphery of
the semi-circle, before increasing again at the most distal locations for all bit conditions (Figure
6.3b). A two-way repeated measures ANOVA was used to investigate the median RT with bit
condition (1, 2, and 3-bits) and screen location as the within-subject factors. There was no main
effect of bit-condition (F (2, 12) < 1) and no interaction between bit condition and screen
location (F (14, 84) = 1.58, p =.101). There was a main effect of screen location (F (7, 42) =
2.99, p = .012, partial eta squared = .33). Post hoc tests with no correction indicated that RT was
significantly slower to the top left (-1) target compared to the BML (-3, p =.014), TML (-2,p =
.029), and TMR (+2, p = .043) targets. Similarly, RT was significantly slower to the top right
(+1) target compared to the TMR (+3, p = .04) location. These differences did not survive a

Sidak or Bonferroni correction

Discussion

In Experiment 1, when the PTs were fixed to certain screen locations in each bit
condition, an ‘anti-Hick’s’ effect was found. The goal of Experiment 2 was to determine whether
RT differences were a function of screen location or bit condition. This was accomplished by
varying the screen location of PTs across all eight locations, irrespective of bit condition. With
this manipulation, we did not replicate the ‘anti-Hick’s’ of Experiment 1, nor the Hick’s effect as
normally reported in human studies. In general, subjects were still slowest when the location of
the target was at the most central point, but this was consistent across all bit conditions. The
median RT was consistent across all bit conditions. While this contradicts the previous pigeon

and human intelligence literature, these results may be related to the stimulus intensity of the
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target and the contrast between the target and PTs. In Experiments 1 and 2, the target was a
completely-filled white circle, while the PTs were white outlines, resulting in a high contrast
between the target and PTs. The target being presented likely resulted in a change in the
luminance in that location, though this wasn’t directly measured. Previous research with humans

has shown RT will decrease as stimulus luminance increases (Pins & Bonnet, 1996).

The contrast between the target and the PT may also influence visual search processes.
While visual search processes are typically investigated with a slightly different paradigm,
participants must find the target in an array of nontarget stimuli versus detecting a simple change
in the environment, there are relevant similarities between the visual search tasks and the choice
RT task presented here (Blough, 1979; Teichner & Krebs, 1974). Visual search can be guided by
either of two processes that operate in tandem; a parallel search process, where the participant is
viewing all of the stimuli simultaneously, and a serial search where the participant is viewing
each stimulus individually (Moran et al., 2015). How the number of stimuli impacts RT can be
used as an indicator of which process is controlling behavior. A flat slope, where RT does not
increase with the number of stimuli, is evidence for the parallel process while an increasing slope
is evidence for the serial search process. Typically, flatter slopes are found when the target ‘pops
out’ or is easily discriminable from the nontarget stimuli. Differences in luminance between the
target and nontarget stimuli seem to be particularly susceptible to a pop out effect (Theeuwes,
1995). This may also be a factor in choice RT since procedures using a light tend to have
shallower slopes compared to procedures that use other stimuli, like numbers (Teichner & Krebs,
1974). The similarity in results across different types of experiments indicates that visual search
processes are impacting performance in Hick’s RT tasks in humans. There is also evidence that

pigeons have similar parallel and serial search processes that are impacted by target salience and
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stimulus set size in a similar way as for humans (Blough, 1979). Therefore, it is likely that the

flat slope found in Experiment 2 is due to a stimulus driven, parallel search process.

To investigate this idea, in Experiment 3, we varied the procedure again by dramatically
reducing the salience of the target. This should make the target much more difficult to
distinguish from the remaining PTs. By making it more difficult to discern the PTs from the
target, it should encourage the subject to more actively monitor the PTs to detect the change
when a target is presented, rather than relying on reflexive responding to any sudden onset in the
periphery which can be done through parallel processing (Blough, 1979). The more PTs that

require monitoring, presumably the longer it should take the pigeon to detect target onset.

Experiment 3

In Experiment 2, there was no effect of bit condition on median RT, failing to replicate
the ‘anti-Hick’s’ effect from Experiment 1, and failing to replicate the Hick’s effect previously
reported in pigeons (Vickrey & Neuringer, 2000) and people (Sheppard & Vernon, 2008). It was
possible that subjects were relying on salient changes in their peripheral vision to guide choice
behavior, which could utilize parallel processing and, thus, would not be impacted by the number
of PTs available. To attenuate this strategy, in this experiment the difference between the PT and
the target was more subtle. Instead of the PTs being a white outline filled with gray and the
target being a completely filled white circle (Figure 6.1), the PTs were filled with a semi-
transparent white and the target was an opaque white (Figure 6.4). This subtle distinction should
make it more difficult to rely on a change in peripheral vision, and instead encourage active
monitoring of the available PTs to detect target onset — a serial processing strategy. Six new

subjects were used to test this manipulation. If this manipulation prevented subjects from using
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parallel processing to guide choice behavior, we would expect subjects to more actively monitor

the number of PTs available, increasing RT as an increasing function of bits of information.

Methods

Subjects.

Six new pigeons served as subjects. Subjects ranged in age from 2 — 17 years old and
three were male (Table 6.1). The amount of experience subjects had with other cognitive tasks
varied, but none of the subjects had experience with a similar RT task. Subjects were housed and

maintained as described in Experiment 1.

Apparatus and stimuli.

The testing apparatus and stimuli were the same as described in Experiment 1 except that
the stimuli were always filled with white. The stimuli could either be semi-transparent or

completely opaque (Figure 6.4).

Procedure and data anlysis.

The preliminary training and MHP was the same as described in Experiment 2, except the

new stimulus set was used. The data were analyzed as described in Experiment 2.

Results

Errors.

In the previous experiments, subjects were fairly accurate but, for this variation, one
subject, Yoshi, had an unusually high number of omission (70) and commission (72) errors
(Table 6.1). Errors were related to the screen locations of the target, primarily occurring on the
left half of the stimulus configuration, which makes it unlikely that the high error rate is due to

the manipulation. Commission errors tended to increase with bit-condition, while omission errors
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were more evenly distributed. The total amount of commission errors for Y oshi was more than
twice the standard deviation (M = 20.83, SD = 25.76), was outside of the interquartile range
calculation to detect outliers (Rousseeuw & Croux, 1993), and more than twice the second
highest commission error total, which was 33. Because Yoshi was committing errors in a
systematic way and met the criteria to be classified as an outlier, his data were excluded from
analysis. Without Yoshi’s data, the mean number of omission (M = 13.2, SD = 15.59) and

commission (M =10.6, SD = 6.66) errors was similar to the previous experiments.

A 3 x 4 mixed ANOVA was used to compare the number of omission and commission
errors across the bit conditions in each experiment. The bit-condition for the omission data failed
Mauchly’s test of sphericity (X (5) = 12.75, p = .026), so a Greenhouse-Geisser correction was
used. There was no main effect of bit condition (F (1.86, 27.9) = 2.27, p = .125), or of
experiment (F (2, 15) < 1), nor an interaction (F (6, 45) = 2.08, p = .074). For commission errors,
there was no main effect of experiment (F (2, 15) < 1), nor an interaction (F (4, 30) < 1). There
was a main effect of bit-condition (F (2, 30) = 6.86, p = .004, partial eta squared = .314) and
post-hoc tests with a Bonferroni correction indicated that there were significantly more errors in
the 3-bit condition (M = 4.36, SD = 4.84) compared to the 1 (M =1.45, SD = 1.9, p =.032) and 2

(M =2.29, SD = 4.84, p =.011).

As in the previous experiments, the subsequent analysis investigated the potential effects
of practice on median RT for hit trials only due to overall low error rate and difficulty in

interpreting errors.

Bit condition.
Median RT tended to increase with bit-condition, though this was not consistent across

all subjects or across amount of training. For example, Durrell initially showed an increase in
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median RT with bit-condition, but at the end of training median RT decreased with bit condition
(Figure 6.5a). A two-way repeated measures ANVOA, with bit condition and amount of training
as the within-subject factors, was used to investigate potential training effects. There was no
main effect of the amount of training (F (2, 8) = 2.62, p =.133) nor an interaction (F 6, 24) < 1).
There was a main effect of bit condition (F (3, 12) = 4.7, p = .022, partial eta squared = .54). Post
hoc tests with no correction indicated that RT was significantly faster in the 1-bit condition
compared to the 2-bit (p =.022) and 3-bit (p = .015) conditions, but these differences did not
survive a Sidak or Bonferroni correction. Since there were no main effects of amount of training,

the median RT collapsed across all nine sessions of training was used in the subsequent analyses.

The effect of bit condition on RT was investigated further using simple linear regression
for each subject. Similar to Experiment 2, the slope for all subjects was close to 0 and bit

condition could not account for any variance in performance (Table 6.2).

Location.

Similar to Experiment 2, the median RT based on screen location showed a ‘W’ pattern
(Figure 6.5b). A two-way repeated measures ANOVA was used to investigate the median RT
with bit condition (1, 2, and 3-bits) and screen location as the within-subject factors. There was
no main effect of bit condition (F (2, 8) = 4.35, p =.053), or of location (F (7, 28) = 1.45, p =

.224), nor an interaction (F (14, 56) = 1.19, p = .311).

Age.

While each experiment included birds that ranged from young to old, there wasn’t
sufficient power to investigate age related differences in each individual experiment. To increase
power, age effects were investigated across experiments. Only performance in the 3-bit condition

was analyzed because it had a similar range across experiments (M = 1, SD = 0.26). To verify
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there were no significant differences due to experiment, a 3 x 2 ANOVA with experiment and
age as between subject factors was performed. To investigate age, two groups were created with
a ‘young’ group ranging in age from 0.5-4 years old (n =10) and an ‘old’ group ranging in age
from 11-18 years old (n = 9). There was no main effect of experiment (F (2, 13) < 1), nor of age
(F (1, 13) < 1). There was no significant interaction, F (2, 13) = 3.06, p = .08. Age was also
investigated as a continuous variable with a Pearson correlation. There was a positive correlation
between age and median RT, indicating that as age increased, RT also increased, but it was not
significant (r (17) = .36, p = .14). The correlation was also performed after excluding 18-year-old
Dickinson because it’s RT, 1.76 s, was 2 standard deviations away from the mean. While the

subsequent correlation was still positive, it was even weaker (r (16) = .16, p = .54).

Discussion

In Experiment 3, the difference between the target and the PT was made more subtle to
encourage serial processing. If serial processing was controlling behavior, median RT should
increase with bit-condition, which would also conform to Hick’s Law. The median RT from
almost all subjects increased as predicted, particularly early in training, though the amount of
training did not have a significant effect (Figure 6.5a). While there was a significant main effect
of bit condition, post hoc analyses did not survive correction. In addition, when collapsed across
all training sessions, the slope for all subjects was practically 0. This is similar to the results from
Experiment 2, where the median RT was consistent across bit conditions (Figure 6.3a). To
further emphasize the similarities across experiments, the median RT was within the same range
(0.6 — 1.8 s) and there were no significant differences in the error rate, which suggest that speed-
accuracy trade-off is similar across experiments. This indicates subjects were either using the

same process across experiments, that a serial process does not cause large differences in RT
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with this procedure, or that this procedure was not successful at biasing pigeons to utilize a serial
process (Figure 6.3a). While the modification did not accomplish the intended goal, it did allow
us to investigate the effect of age on RT using cross experiment analysis. There was a weak,
positive correlation between age and median RT, meaning that RT increased with age, but this

relationship was not significant.

General Discussion

The goal of these experiments was to create a streamlined RT task for pigeon’s based on
Hick’s Law that was similar to what had been used in human research (Vickrey & Neuringer,
2000). While the experiments were successful in these respects, only Experiment 3 showed some
weak evidence for replicating previous research where RT increased as bits of information
increased (Hick, 1952; Jensen, 1982; Vickrey & Neuringer, 2000). The results from Experiment
1 indicated that the physical screen location of the target was an important factor in determining
RT. Across all experiments, subjects were slowest when the target was in the most central
location, which happened to be the highest on the screen, though there was some evidence to
suggest that subjects were also slower when the target was in the screen locations furthest from
the center (Figures 6.2b, 6.3b, 6.5b). The difference in RT based on location could not be due to
differences in experience with the particular locations for Experiments 2 and 3. It is possible that
it was more difficult to execute a motor response to these locations, though it was confirmed that
all subjects could reach all locations and all locations were equidistant from the home key.
Ideally, RT would be similar across the target locations, but there is some evidence to suggest
that, for humans, differences in RT based on absolute screen location do not affect the RT based
on bit-condition (Wright et al., 2007), which is supported by the results from Experiments 2 and

3.
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When the target screen location was presented at equal frequencies across bit conditions,
as in Experiments 2 and 3, median RT was consistent across bit conditions in Experiment 2 and
the slope for each subject was 0 (Figure 6.3a, Table 6.2). In Experiment 3, while there was a
significant main effect of bit condition, it did not survive correction and the slope for each
subject was 0 (Figure 6.5a, Table 6.2). The results from Experiments 2 and 3 indicated that either
the manipulation in Experiment 3 was not sufficient for subjects to use serial processing instead
of parallel processing, that serial processing does not dramatically increase RT in this procedure,
or that subjects were using a different search process during this task. How visual search
processes impact performance in humans is not frequently discussed in the context of Hick’s RT
and intelligence, but comparisons of the slope across different stimuli indicate that these
processes also impact human performance on these types of tasks (Teichner & Krebs, 1974).
While there was a main effect of bit condition on median RT in Experiment 3, it would be
beneficial for future investigations if the difference between bit conditions was larger. A

potential factor not explored here is stimulus-response compatibility.

The congruency of stimulus and the required response influences RT, with high
congruence resulting in faster RTs (Neubauer, 1991). For example, RTs are faster if a stimulus
appearing on the left side of the screen requires pushing a button on the left compared to a button
on the right (Lien & Proctor, 2002). There is evidence to suggest that high levels of stimulus-
response compatibility can attenuate or eliminate increases in RT based on Hick’s law (Proctor
& Schneider, 2018; Wright et al., 2007). In our version of the task, subjects had to directly peck
the target, which likely has very high stimulus-response compatibility, considering the
propensity of pigeons to peck visual stimuli associated with reward (Brown & Jenkins, 1968).

This is not a wholly satisfactory explanation, however, since Vickrey and Neuringer (2000) also
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required pigeons to directly peck the target and the RT of their subjects conformed to Hick’s law.
Another difference in the Vickrey and Neuringer (2000) procedure compared to what is typically
given to humans, was that pigeons had to peck a ‘reinforcing star’ after pecking the target to
receive a food reward or conditioned reinforcer. It is possible that the additional peck to the
‘reinforcing star’ reduced the stimulus-response compatibility of pecking the target, but it is not
immediately apparent why. Alternatively, placing the extra step between pecking a target and
delivery of food reward resulted in a sufficiently long target response-reward interval to reduce
stimulus control by the target. Future investigations should manipulate the stimulus-response
compatibility to better understand how this impacts RT for pigeons specifically. It is possible
that requiring the peck to be made slightly off target would sufficiently reduce compatibility for

subjects to conform to Hick’s law (Proctor & Schneider, 2018).

Decreasing the compatibility between the stimulus and the response might strengthen the
relationship between age and RT. With this set of experiments, a positive, but weak and
nonsignificant, correlation was found between age and RT in the 3-bit condition. In humans,
reducing the compatibility of the response had a stronger negative impact on the RT of older
adults compared to younger adults (Sleimen-Malkoun et al., 2013). A similar increase in RT may
be found for older pigeons if stimulus-response compatibility is reduced. It is also possible that a
relationship between RT and age is only consistently seen when subjects are very old. The four
oldest pigeons were among the slowest RTs (Figure 3a, 5a). The maximum observed lifespan of
a pigeon is 35 years; thus a stronger relationship may be found when even older subjects are

included in the procedure (Carey & Judge, 2000).

Even though RT did not change as predicted in Experiment 2, it is possible that this task

still captures individual differences in speed that are relevant to general cognitive abilities. As
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mentioned in the introduction, performance on a wide variety of speed tasks seems to rely, at
least in part, on a domain general speed ability. A similar domain general factor has also been
implicated when investigating the differences in RT based on stimulus-response compatibility. A
relationship between RT and intelligence is typically found in people, even when using tasks
with a high level of stimulus-response compatibility (Neubauer, 1991). This indicates that this
task could still be useful for determining if speed is related to other cognitive abilities in pigeons,
similar to what is seen in humans. This straightforward procedure would be relatively easy to
administer to other visually-guided species. This could advance comparative investigations of the

role of processing speed in a general cognitive factor.
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Figure 6.1. Examples of trials during the Modified Hick’s Procedure from Experiment 1. The
rows represent different bit conditions, or the number of binary choices. From the top, the bit
conditions are 0, 1, 2, and 3. The left column shows the home key phase and the right column
shows the choice phase.
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Figure 6.2. Panel a depicts the mean median reaction time (RT) to each bit condition of
Experiment 1, where first and last depict performance collapsed over the first and last three
sessions respectively. All is performance collapsed over all training sessions. Panel b depicts the
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mean median RT to each target location by bit condition collapsed over all training sessions.
For location, negative numbers represent the left half of the stimulus display and numbers
further from O represent locations further from center.
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Figure 6.3. Panel a depicts the mean median reaction time (RT) to each bit condition from
Experiment 2, where first and last depict performance collapsed over the first and last three
sessions respectively. All is performance collapsed over all training sessions. Panel b depicts the
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mean median RT to each target location by bit condition collapsed over all training sessions.
For location, negative numbers represent the left half of the stimulus display and numbers
further from O represent locations further from center.
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Figure 6.4. An example of a trial during the choice phase from Experiment 3, where the top left
location (-1) is the target.
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mean median RT to each target location by bit condition collapsed over all training sessions.
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For location, negative numbers represent the left half of the stimulus display and numbers
further from O represent locations further from center
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All Omission Comission Excluded

Variation Name Sex  Age O0-Bit 1-Bit 2-Bit 3-Bit Total 1-Bit 2-Bit 3-Bit Total

Fixed Wenchang F 0.5 6 2 2 1 11 0 1 0 1 12
Fixed Odin M 1 27 11 5 9 52 0 1 1 2 54
Fixed Luigi M 3 2 1 4 1 8 4 14 15 33 41
Fixed Wario M 3 11 4 1 5 21 0 0 2 2 23
Fixed Goodall F 11 0 0 0 0 0 3 0 2 5 5
Fixed Darwin F 12 3 2 0 1 6 7 1 3 11 12
Fixed Mean 8.17 083 050 050 16.33 233 283 3.83 9.00 12.67
Random  Athena F 0.5 0 0 0 0 0 0 0 0 0 0
Random  Thoth M 1 7 7 9 3 26 0 0 0 0 26
Random  Bowser M 3 0 0 0 0 0 0 0 1 1 1
Random  Waluigi F 3 0 0 0 1 1 0 1 1 2 3
Random Vonnegut M 17 1 2 0 3 6 0 2 5 7 13
Random Hawthorne M 17 16 9 9 10 44 2 5 12 19 63
Random Dickinson F 18 14 8 16 19 57 1 2 1 4 61
Random Mean 543 371 486 514 19.14 043 143 286 4.71 11.93
Subtle Itzamna M 2 2 1 2 1 6 3 2 8 13 19
Subtle Yoshi M 4 16 18 12 24 70 8 21 43 72 142
Subtle Herriot M 12 0 0 0 0 0 0 1 0 1 1
Subtle Cousteau M 13 10 11 7 12 40 1 2 4 7 47
Subtle Durrell F 13 0 0 4 4 8 1 3 10 14 22
Subtle Jubilee F 17 2 2 3 5 12 3 5 10 18 30
Subtle Mean 500 533 467 7.67 2267 267 567 1250 20.83 21.75

Table 6.1. The number of omission and commission errors for each subject for each bit condition and the total number of trials
excluded over all training sessions. The age of the subject is in years.
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All

Variation Name Slope Coefficient ANOVA Adjusted R?
Fixed Wenchang -0.06 F(1, 786) = 34.95, p <.001 0.041
Fixed Odin -0.10 F(1, 744) =69.37, p <.001 0.084
Fixed Luigi -0.05 F(1,757)=24.21,p<.001 0.030
Fixed Wario -0.08 F(1, 775) =48.44,p <.001 0.058
Fixed Goodall -0.02 F(1,792) =18.29, p<.001 0.021
Fixed Darwin -0.04 F(1,778)=11.71,p<.001 0.014
Fixed Mean -0.06 0.041
Random  Athena 0.00 F(1,862)<1,p=.929 -0.001
Random  Thoth -0.01 F(1,835)<1,p=.422 0.000
Random  Bowser 0.00 F(1,861)<1,p=.883 -0.001
Random  Waluigi 0.00 F(1,859)<1,p=.574 -0.001
Random  Vonnegut -0.02 F(1, 849) =2.45,p=.118 0.002
Random  Hawthorne -0.02 F(1,799) =2.05, p=.153 0.001
Random  Dickinson 0.01 F(1,801)<1,p=.557 -0.001
Random Mean -0.01 0.000
Subtle Itzamna 0.02 F(1,843)=3.54,p=.06 0.003
Subtle Herriot 0.01 F(1,861)=9.84,p=.002 0.010
Subtle Cousteau -0.01 F(1,815)<1,p=.395 0.000
Subtle Durrell 0.00 F(1,840)<1,p=.987 -0.001
Subtle Jubilee 0.02 F(1,832)=3.27,p=.07 0.003
Subtle Mean 0.01 0.003

Table 6.2. Results from the simple linear regression of bit condition on median RT for all
subjects collapsed across all training sessions.
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Chapter 7: A Cognitive Test Battery to Assess General Intelligence in the
Pigeon (Columba livia)

Abstract

A well replicated result in humans is that performance positively correlates across a wide
variety of tasks. Factor analysis consistently extracts one factor that can account for
approximately half of the variance in performance. This factor is termed g and all cognitive tasks
positively load onto this factor. Some neurobiological correlates of g have been identified in
humans, but causal experiments are not yet possible. Causal neural manipulations are possible in
animal models and recently, the potential for g in animals has been investigated. When mice and
some avian species are assessed with cognitive test batteries, performance positively correlates
and the first component extracted has similar properties to g. There are some limitations to the
species tested thus far, including comparability in the cognitive domains assessed across species
and homogeneous samples. The pigeon is an ideal subject to overcome these issues since
pigeons, humans, and other primates are frequently given similar tasks and many neural
correlates of performance have been identified in the pigeon. We created a test battery that
assessed different domains, including associative learning, memory, cognitive flexibility, and
reaction time. Yet we did not consistently extract a g like factor. Analyses indicated a two-
component structure and with differential task loadings. The components seemed to reflect an
associative learning/memorization versus general rule task demand. Reasons and implications for

this two-component structure are discussed.

Introduction
Does performance on a vocabulary test give any meaningful indication on how someone

will perform on a math test? Or how quickly they react to a change in an array of stimuli? Or
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how well they can mentally rotate an image? Surprisingly, the answer is yes. Performance across
all of these tasks shows a positive correlation; if a person performs well on one task, they are
likely to perform well in another. This effect has been replicated many times, but the most
compelling results are from full scale intelligence quotient (FSIQ) tests because of the number
and variety of tasks used. The exact number and type included vary from test to test, but they
typically include 11-17 measures that assess memory, basic math, spatial reasoning, and
analogical reasoning (Carroll, 1993; Johnson et al., 2004). Despite differences in the test
batteries and variety of tasks used, a positive correlation matrix is found (Carroll, 1993; Johnson
et al., 2004). When variable-reducing techniques, like principal component analysis (PCA) or
factor analysis, are applied to this positive correlation matrix, one factor is consistently extracted
that can account for approximately half of the variance (Carroll, 19993; Deary, 2000). All
cognitive tasks positively load onto this factor, meaning the factor can account for variance in
performance in the task (Carroll, 1993; Deary, 2000). Because this factor is seemingly related to

all cognitive abilities, it is referred to as g (Spearman, 1904).

g is extracted with a variety of test batteries in a variety of samples, making it one of the
most well-replicated results in psychology (Carroll, 1993; Deary, 2000; Johnson et al., 2004).
Despite the ubiquity of g, there are still important parameters to consider when creating a test or
test battery to extract this factor. As mentioned earlier, almost all cognitive tasks load onto g, but
some tasks have a higher loading than others. The highest loadings on the g factor will be found
when tasks are complex, novel, and require reasoning, irrespective of the task content or method
of delivery (Jensen, 1992; Quiroga et al., 2019). Even though we know what kinds of tasks load
highly onto g, no task is a perfect or pure measure of any specific cognitive construct. All

cognitive tasks assess g to some degree, but they also assess more specific abilities (Gignac,
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2015). Using a large and diverse battery of tests will attenuate task-specific variance, resulting in
a more accurate g factor (Major et al., 2011). Another issue with all measures is random error,
variables unrelated to the construct of interest that impact performance on the task. Random error
can cause performance to be different when participants complete the measure at different time
points or respond differently to theoretically similar items. If a measure produces similar results,
despite random error, it is referred to as a reliable measure (John & Benet-Martinez, 2000).
Reliable measures are crucial because more of the variance in performance across individuals is
due to differences in the actual cognitive ability the task is measuring as opposed to differences
caused by random error (Bray et al., 1998). Reliability also impacts the correlation matrix. Less
reliable measures will artificially lower the correlations, which impacts the extraction of the g
factor (John & Benet-Martinez, 2000). While it is important that measures are reliable, they also
need to be sensitive enough to detect individual differences across people. The g factor accounts
for variance in performance across people, therefore the tasks used should show variability based
on true differences in cognitive ability (Hedge et al., 2018). Extracting a robust g factor depends
on using appropriate tasks and on the sample that is being assessed. Highly homogeneous
samples of human participants may not have true differences in the construct of interest which
reduces variance and attenuates the subsequent g factor (Sackett & Yang, 2000). It is also best to
test many participants due to how correlational and factor analyses are conducted. While a
sufficient sample size to detect a reliable correlation depends on a variety of parameters, the
sample size required can be in the hundreds (Bonett & Wright, 2000), and for factor analysis a
sufficient sample size ranges from as few as 75 to as many as 1,200 participants (Mundfrom et

al., 2005, but see de Winter et al., 2009). To summarize, to extract the strongest g factor, a large,
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heterogeneous sample of people should be given a large variety of cognitive tasks, that are

reliable and sensitive to individual differences.

While g is consistently replicated, it is still not clear what exactly g is. It is tempting to
use intelligence and g interchangeably, since g can be extracted using FSIQ tests and is related to
a wide variety of cognitive tasks. Yet g only accounts for half of the variance in performance on
FSIQ, which means other factors besides g are related to performance. In addition, the amount of
variance g can account for relies on the strength of the correlation matrix (Jensen, 1998).
Individuals who perform better on intelligence tests tend to have weaker correlations between
tasks, meaning that higher FSI1Q score comes with increased differentiation of abilities (Blum &
Holling, 2017). For higher performing individuals, g explains less of the variance in performance
(Jensen, 1998). Therefore, it would be incorrect to say that more intelligent people have more g
(Detterman, 1991). These results indicate that when we refer to intelligence in a colloguial sense,
we are referring to more than g, even though the two concepts are closely related (Jung & Haier,

2007; Stankov, 2017).

With that distinction stated, understanding g is still important given the consistent pattern
of correlations across tasks, even among high ability individuals (Blum & Holling, 2017). Even
though g is a single factor or component, it does not mean it is a single causal entity. Instead, g is
commonly theorized to be composed of more specific cognitive processes like working memory
(WM), short term memory (STM), processing speed, attention, and associative learning (Conway
et al., 2002; Deary, 2000; Jensen, 1998; Kaufman et al., 2009; Sheppard & Vernon, 2008). It is
likely that the tasks included in FSIQ tests, particularly complex tasks that load highly onto g,
require support from multiple cognitive domains (Chuderski, 2013). Therefore, g could reflect

individual differences in how many processes are required to solve a task (Chuderski, 2013).
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Another theory suggests that differences in one of these abilities could act as a bottleneck,
constraining and weakening the ability of all other cognitive domains to function (Kovacs &
Conway, 2019). With this theory, g is primarily reflecting differences in one cognitive ability,
but it is unclear which cognitive ability. These theories are helpful for understanding the more
specific cognitive processes that are involved with intelligence tests and how those processes are
used across a large number of tasks (Conway et al., 2002; Deary, 2000; Jensen, 1998; Kaufman
et al., 2009; Sheppard & Vernon, 2008). Future research is still needed, however, to fully
understand if there is a relationship between these cognitive processes that could impact the

positive correlation matrix (Frischkorn et al., 2019).

At the psychological construct level, g is related to a variety of cognitive processes.
Similarly, g and intelligence are correlated with a variety of neurobiological mechanisms,
processes, and features, (Deary et al., 2010). Thus far there have been two major lines of
research. One focuses on what makes individuals different, for example comparing people who
have high 1Q scores to people who do not. The most robust result from this line of research is the
modest positive correlation between brain size and measures of intelligence (Pietschnig et al.,
2015). The other line of research focuses on why performance is positively correlated across
tasks, irrespective of individual performance. A variety of methods, including functional
magnetic resonance imaging (fMRI), positron emission tomography (PET), and lesions due to
accident or stroke, have indicated the importance of the frontal cortex in a wide variety of tasks
(Jung & Haier, 2007). The dorsolateral prefrontal cortex in particular is active during a variety of
WM and reasoning tasks, though similar patterns of activations in different areas of the frontal
cortex for other types of tasks have also been identified (Colom et al., 2013). Yet, brain areas do

not function in isolation; rather, different areas are connected, forming functional networks (van
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den Heuvel & Sporns, 2017). Similar performance across tasks may be partially due to how
whole networks are activated by tasks instead of discrete regions. A network connecting the
frontal and parietal cortex is implicated (Jung & Haier, 2007; Zanto & Gazzaley, 2013). Thus,
most research has indicated that consistent performance could be due to activation of the frontal

cortex over a wide variety of tasks (Colom et al., 2013; Jung & Haier, 2007)

Important neurobiological correlates of g and intelligence have been identified in
humans, but the techniques used thus far fail to support causal interpretations. Nonhuman animal
models (hereafter animals) would be ideal to explore causal manipulations, but it first needs to be
established that animals have a g factor similar to what is seen in humans (Matzel et al., 2013).
Investigations over the past 20 years have generated promising results that are described in more
detail elsewhere (Burkart et al., 2017; Flaim & Blaisdell, 2020; Shaw & Schmelz, 2017), but
some key results from mice and avian species will be briefly reviewed here. For mice, Matzel
and colleagues in particular have been consistently exploring a general factor using a cognitive
test battery that targets different domains of learning (Matzel et al., 2003). Briefly, the test
battery includes five tasks and measures non-spatial navigation (Lashley 111 maze), spatial
navigation (Morris water maze), suppression of exploratory behavior to avoid an aversive
audiovisual stimulus (passive avoidance), using odor to guide a response (odor discrimination),
and using an auditory cue to predict an aversive shock (associative fear learning). Multiple
experiments found that performance was positively correlated across all tasks, and the first factor
extracted could account for 38-43% of the variance in performance (Kolata et al., 2005, 2007;
Matzel et al., 2003). For these individual experiments however, the number of subjects ranged
from 21-56, which is smaller than what is typically used or recommended in human studies

(Mundfrom et al., 2005, but see de Winter et al., 2009). When the results from multiple
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experiments were combined to have a total of 241 subjects, the result was replicated, providing
robust evidence for a g like factor in mice (Kolata et al., 2008). Subsequent experiments have
shown that performance on this cognitive test battery is positively correlated with measures of
WM, similar to what is seen in humans (Kolata et al., 2005). Investigations with avian species
have also yielded interesting results. Cognitive test batteries that typically include motor
learning, color discrimination, reversal learning, spatial memory, and inhibitory control, have
been administered to robins (Shaw et al., 2015), spotted bowerbirds (Isden et al., 2013), magpies
(Ashton et al., 2018), and song sparrows (Anderson et al., 2017; Boogert et al., 2011). For robins
and spotted bowerbirds, performance across the tasks was mostly positively, though not
significantly, correlated, and a factor that could explain 34% and 44% of the variance in
performance, respectively, was found (Isden et al., 2013; Shaw et al., 2015). This result should
be treated with some caution since a small number of subjects, 16 robins and 14 bowerbirds,
were assessed. More robust results have been obtained with magpies, which assessed 56 subjects.
The subsequent correlation matrix was uniformly and significantly positive and the subsequent
factor extracted accounted for 64% of the variance (Ashton et al., 2018). Yet, similar results
were not found in song sparrows, even though 52 (Boogert et al., 2011) and 41 (Anderson et al.,
2017) birds were assessed using the same test battery. Across both experiments, two factors were
extracted, and not all tasks loaded onto the first factor extracted. This may be due to the low
reliability in performance across years on cognitive tasks in song sparrows (Soha et al., 2019).
While the results from animals thus far are interesting and promising, there are some difficulties

in comparing g across species.

Research with many species thus far indicates that g can be found beyond humans, but it

is not clear exactly how similar g is across species. This ambiguity is partially due to the
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differences in test batteries across species. In humans, g has been heavily investigated in
relationship to processing speed, where more intelligent individuals are consistently faster on
simple tasks (Sheppard & Vernon, 2008), yet this has not been investigated or replicated with
animal test batteries (see discussion by Flaim & Blaisdell, 2020). In contrast, the relationship
between response inhibition and g has rarely been investigated in humans, but response
inhibition tasks are almost always included in avian cognitive test batteries (Flaim & Blaisdell,
2020). Even when the cognitive domain does overlap, there are differences in the procedures
used for humans versus non humans that can impede comparisons. Taking associative learning as
an example, in humans an initial investigation using a simple associative learning task, where
children had to learn which picture was associated with a reward, was not related to 1Q scores
(Plenderleith, 1956). More recent investigations have used the word-pairs task, where
participants learn up to ten arbitrary pairs of words, like cat-pie, or the three-term contingency
task where one word serves as a cue and the participant must learn three response words
(Kaufman et al., 2009). These more complex associative learning tasks show a positive
relationship to g that scales with complexity, where the more complex task, the three-term
contingency, has a stronger relationship with g (Tamez et al., 2008; Williams & Pearlberg, 2006;
but see Kaufman et al., 2009). In contrast, for mice and birds, a simple associative learning task,
such as learning how to discriminate one cue from another to obtain a food reward, is related to
the g like factor extracted in these species (Flaim & Blaisdell, 2020). The finding that associative
learning is related to g across species, but different levels of difficulty are needed to reveal such a
relationship, may be related to the experience of the subject. g is related to complexity, but it is
also related to novelty, where novel tasks tend to have a high g loading (Carroll, 1993; Sternberg

& Gastel, 1989). If animal subjects are naive to any highly artificial experimental stimuli and
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procedures, the task may be sufficiently novel to explain why performance is related to g, despite
the apparent simplicity. In contrast, when many humans are assessed, they have had years of
experience in an educational setting with similar materials and task demands as the word-pairs
and three-term contingency tasks. Therefore, for humans, task difficulty may be a more
important factor for investigating associative learning and g. These results could indicate that
task loading onto g is related to novelty, complexity, and associative learning across species, but
further research is necessary to determine if there is a similar relationship between complexity

and g in animals.

While animals may be relatively naive to cognitive assessments compared to most human
samples, there are other issues when comparing across species. In nonhuman research on g, the
sample of animals tested is often homogeneous in some way (Shaw & Schmelz, 2017). In mice
thus far, only male subjects have been used and all subjects have the same ‘home’ environment
(Kolata et al., 2008), while for the wild bird subjects, like robins, collection is biased towards
males and bold individuals (Shaw & Schmelz, 2017). If g is a robust phenomenon in animals,
then it should replicate across all members of the species, but this has yet to be shown. In
addition, most experiments assess a small number of subjects. This can be overcome by using a
consistent test battery, which makes it possible to pool results from multiple experiments, as
demonstrated by Kolata et al. (2008). Utilizing a species that is more commonly investigated,
either in the lab or across field sites, could also increase the number of subjects if multiple labs
are willing to work together (Shaw & Schmelz, 2017). Thus, there could be improvements in
both the test battery and sample characteristics, particularly for avian species. Tasks that assess

clear cognitive domains, facilitate cross species comparisons, and have identified neural
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correlates should be favored. Species for which it is possible to obtain a large and diverse sample

should also be favored, at least in these preliminary investigations of g in animals.

Given these arguments, it is surprising that pigeons have not been given a comprehensive
test battery, given their long history as an animal model in psychology. Pigeons have excellent
visual acuity and readily learn to peck visual stimuli in a touchscreen operant chamber, similar to
procedures used to assess human and nonhuman primates (Wright et al., 2018; Zentall, 2020).
Investigations of matching, timing, reaction time, memory, and many other cognitive domains
show there are similarities in performance across pigeons and primates that indicate similar
underlying mechanism at the psychological and neurobiological level (Colombo & Scarf, 2020;
Guntarkdn, 2005; Vickrey & Neuringer, 2000; Zentall, 2020). Methods for investigating
memory, associative learning, and cognitive flexibility in particular have been well established,
and the neural mechanisms supporting performance have been identified on some level. Similar
to humans, performance on many cognitive tasks seems to depend on nidopallium caudolaterale
(NCL) which is the avian equivalent to the mammalian prefrontal cortex (Glntlrkin, 2005). For
example, when assessing STM in the pigeon by requiring pigeons to remember a stimulus over a
short delay to guide choice behavior, there is sustained neural activity in the NCL that relies on
the neurotransmitter dopamine, similar to results found in nonhuman primates (Johnston et al.,
2017; Karakuyu et al., 2007). Given this rich history, there are many tasks that could be included

in a cognitive test battery for pigeons, but a few were selected as ideal.

The tasks in the battery developed here were selected according to how well they
assessed a specific cognitive domain, if the task facilitates cross-species comparisons, and if the
neural substrates of performance had been identified (Diekamp et al., 2000; Flaim & Blaisdell,

2020; 1zquierdo et al., 2017; Johnston et al., 2017; Karakuyu et al., 2007; Lissek et al., 2002;
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Vickrey & Neuringer, 2000). Ultimately, the pigeon cognitive test battery was designed to assess
associative learning, cognitive flexibility, memory, and processing speed. Specifically, there
were five tasks, matrix displays, symbolic match to sample (SMTS), serial reversal learning,
delayed match to sample (DMTS), and a reaction time (RT) task. While the matrix displays task
was intended to assess abstract learning ability, results from a transfer test did not indicate that
any subject had learned an abstract rule, but rather had memorized which stimuli were associated
with food. Therefore, the matrix displays task was considered an additional assessment of
associative learning. All the tasks were sufficiently sensitive to detect individual differences in
performance, and all subjects completed at least two tasks in the battery (Table 7.1).
Surprisingly, the correlation matrix from the test battery was not uniformly positive, and PCAs
did not consistently yield a component similar to g. Potential procedural issues, the influence of
age and experience, and the possibility that these results reflect a genuine difference between

pigeons and other species are discussed.

Method

Subjects

Twenty-three pigeons served as subjects. The age at the start of the test battery ranged
from 0.5-17 years old and ten were female. Subjects varied in how much experience they had
with other cognitive tasks (Table 7.1). Subjects were individually housed in steel home cages
with metal wire mesh floors in a vivarium. They were maintained at 80% of their free-feeding
weight, but were allowed free access to water and grit while in their home cages. Testing
occurred at approximately the midpoint of the light portion of the 12-hour light-dark cycle. All

procedures were approved by the UCLA Institutional Review Board.
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Apparatus

Testing was conducted in a flat-black Plexiglas chamber (38 cm wide x 36 cm deep x 38
cm high). All stimuli were presented by computer on a color LCD monitor (NEC MultiSync
LCD1550M) visible through a 23.2 x 30.5 cm viewing window in the middle of the front panel
of the chamber. The bottom edge of the viewing window is 13 cm above the chamber floor.
Pecks to the monitor were detected by an infrared touchscreen (Carroll Touch, Elotouch
Systems, Fremont, CA) mounted on the front panel. A custom-built food hopper (Pololu,
Robotics and Electronics, Las Vegas, NV) was located in the center of the front panel, its access
hole flush with the floor. The food hopper contained a mixture of leach grain pigeon pellets and
seed (Leach Grain and Milling). All experimental events were controlled and recorded with a
Pentium I1l-class computer (Intel, Santa Clara, California). Stimuli were presented using the

2.7.11 version of Python with the psychopy toolbox, version 3.0.3 (Peirce, 2007).

Procedure

All tasks have been described in detail elsewhere, but are described briefly here to
emphasize the features that are relevant to the dependent measures ultimately included in the
battery. Subjects did not receive the test battery in the same order and it was not possible to fully
counterbalance for order effects. Additionally, the time between tasks was not consistent across
subjects. Subjects received one session per day, 3-7 days a week. All tasks were appetitive and

used 3-s of access to a mixture of grain and seed as a reward.

Matrix displays.

The goal of the matrix displays task was to detect differences in the ability to use a

relational size change rule that could be flexibly applied to novel stimuli. Eleven subjects were
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trained to discriminate between displays that showed a change in size from displays that did not.
Specifically, the display was a 2x2 matrix that had a pair of shapes in the row or column of the
matrix. Reinforced displays had the same shape in the same color, but one of the shapes was a
different size (Chapter 2, Figure 2.2d). Nonreinforced displays either had an identical pair of
shapes that were the same size or had a set that differed in both shape and color, but were the
same size (Chapter 2, Figure 2.2e, f). The shapes could be a rectangle or triangle, in red or blue,
in the row or column of the matrix. The key difference is the reinforced displays have a change
in size, while the nonreinforced displays do not. During the task, subjects were presented with
two displays to the left and right of the midline. One display was always reinforced, presented
equally often on the left and right side of the screen and equally often with each type of
nonreinforced display. Subjects had to make four consecutive pecks (FR4) to one of the displays
to end the trial. Completing the peck requirement to the reinforced display resulted in a food
reward, while pecks to the nonreinforced display simply ended the trial. Subjects were trained
until they reached criterion, 80% accurate on two consecutive sessions on both types of
nonreinforced displays, or until they had trained for 100 sessions. Once they reached criterion,
they received probe trials where the display could contain a novel shape, novel color, or both. No
subject transferred to the novel displays, indicating that subjects did not learn an abstract rule
that could be flexibly applied to novel stimuli. The similar performance across all subjects also
indicates that transfer performance is not sufficiently sensitive to detect individual differences.
The number of sessions to reach criterion, however, was variable across subjects and was

included in the battery as a measure of associative learning (Table 7.1).
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Symbolic match to sample.

The SMTS was another measure of associative learning and was conceptually based on
the arbitrary word-pairs task given to humans (Kaufman et al., 2009). Instead of words, 18
subjects were presented with pictures of foods and animals which were paired together through
reinforcement. Subjects were trained on four pairs of pictures, where one of the pictures was
always a food item while the other picture was always an animal, obtained from the food-pics
database (Blechert et al., 2014). To associate pairs of pictures, trials had two phases, a sample
phase and a choice phase. In the sample phase, one picture was shown in the center of the screen
and is referred to as the sample. When subjects completed an observing response to the sample,
pecking the picture ten times (FR10), the choice phase began. In the choice phase, the sample
remained on the screen, and two comparison stimuli were presented below the sample on the left
and right of the screen (Chapter 3, Figure 3.2). If subjects pecked the correct comparison once
(FR1), they received a food reward. If they pecked the incorrect comparison, a correction
procedure was used where the trial repeated starting at the sample phase. Correction trials were
not included in the analysis. The correct comparison was presented equally often on the left and
right side of the screen and equally often with the three other incorrect comparison stimuli.
Subjects were trained with this procedure until they were 80% accurate on each pair in a single
session or until they had trained for 35 sessions. The number of sessions to reach criterion was

used to measure associative learning ability (Table 7.1).

Serial reversal learning.

The serial reversal learning task was used to assess cognitive flexibility, being able to
update behavior to reflect changes in environment (lIzquierdo et al., 2017). Twenty-three subjects

were trained with two stimuli, a blue or yellow circle, presented on the left and right side of the
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screen. One of the stimuli was always followed by a food reward (S+), while the other was not
(S-). Subjects had to peck the stimulus three times (FR3) to indicate their choice and end the
trial. When subjects were selecting the reinforced stimulus with 90% accuracy on two
consecutive sessions, on the next session the contingency was reversed. Now the stimulus that
was the S-, was now the S+ and vice versa. Subjects were trained on five reversals and
performance on the first session of each reversal was used as to measure cognitive flexibility
(Table 7.1). Due to computer errors, performance on the first and second reversal was only
measured for 21 subjects and performance on the fifth reversal was only measured for 22

subjects.

Delayed match to sample.

The DMTS task was used to assess memory, or more specifically the ability to maintain a
memory of a stimulus over a short delay (Kangas et al., 2011). Eighteen subjects were trained
using a procedure similar to the SMTS task. There are three key differences between the DMTS
and the SMTS task, the size of the stimulus set, what determined the correct comparison, and the
delay period. Subjects were trained with two stimuli, a red circle and a green circle. First subjects
were trained without a delay so the rule determining which comparison was correct could be
learned. Similar to the SMTS, during this initial training each trial had two phases, a sample
phase and a choice phase. During the sample phase, one stimulus was presented in the center
location. After subjects completed the observing response (FR10) to the sample, the choice phase
began and the two comparison stimuli were presented. One of the comparisons matched the
sample, while the other did not. If subjects pecked (FR1) the matching comparison, they received
a food reward. If they pecked the nonmatching comparison, a correction procedure was used

where the trial repeated starting at the sample phase. The correction trials were not included in
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the analysis. Each stimulus served as the sample an equal number of times and the correct
comparison was presented equally often on the left and right side of the screen. When subjects
reached criterion on the initial training, 80% correct on two consecutive sessions, they stated the

DMTS.

In the DMTS, each trial had three phases, sample, delay, and choice (Chapter 5, Figure
5.1). The sample phase is the same as the training described above. Once subjects had completed
the observing response, the sample was removed from the screen, and the delay phase began.
The delay could be 0, 2, 4, or 8 s, and each delay length was presented an equal number of times
with each comparison. After the delay had elapsed, only the comparison stimuli were presented.
Again, if subjects pecked the matching comparison, they received a food reward. If subjects
pecked the nonmatching comparison, the trial ended without reinforcement. The correction
procedure was not used during the DMTS. Subjects were trained on this procedure for 30
sessions. Accuracy over the last three sessions for all delay lengths was used to assess

performance.

Reaction time task.

This task was used to assess speed with a procedure that relied on detecting a change in
the stimulus display (Sheppard & Vernon, 2008). Twenty-two subjects were trained and took
part in four different experiments with slight procedural differences overall (n = 4 for one
experiment, n = 6 for the remaining experiments), but the procedure described here was the same
across experiments. The stimulus display consisted of nine circular stimuli that could either be a
white outline or completely filled with white. One of the stimuli was in the center of the screen,
near the bottom of the viewing window. This stimulus was the home key. The remaining eight

stimuli were arranged in a semi-circle around the home key (Chapter 6, Figure 6.1h) and were
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potential targets (PTs). Trials had two phases, a home key phase and a choice phase. During the
home key phase, the home key was filled with white and subjects had to peck the home key three
times on average (VR3 +/- 2). When subjects completed the peck requirement to the home key,
the choice phase began. During the choice phase, the home key became a white outline and one
of the PTs was filled with white and became the target (Chapter 6, Figure 6.1i). If subjects
pecked (FR1) the target, they received a food reward. If subjects pecked a PT it was counted as
an error of commission, but if subjects did not peck the target or a PT within 5 s, it was counted
as an error of omission. Only trials where subjects successfully pecked the target were included
in analysis. The target appeared in each location an equal number of times. Each session either
had 20 (n = 10) or 24 trials (n = 12) with eight PTs, and subjects were trained for 10 or 9 sessions
respectively. Median reaction time (RT) collapsed across all sessions was used as the dependent
measure. The number of trials included in the analysis for each subject ranged from 184-216

depending on how many trials had to be excluded due to errors.

Data Analysis

All dependent measures from the tasks were selected because they reflected differences
in cognitive ability, but the tasks do not indicate these differences in the same direction or on the
same scale. For the serial reversal learning and DMTS, better performance is indicated with a
larger number and worse performance is indicated with a smaller number. For the matrix
displays, SMTS, and RT time task, performance is coded in the opposite direction, where a
larger number indicates worse performance. For these three tasks, the data was reverse coded, so
all results were in the same direction where a larger number indicates better performance.
Additionally, the scale of the dependent measure differs across tasks. For example, the matrix

displays task ranges from 18-100, while the serial reversal learning and DMTS tasks are bound
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between 0-1. Since the range of the data can impact correlations, the data were normalized
(observed value — mean value / the standard deviation) so the range was more similar across

tasks.

For the DMTS, where performance was collapsed across three sessions, the test-retest
reliability of the performance was assessed with a Pearson correlation. Similarly, a Pearson
correlation was also used to assess performance over different conditions within a task. This
analysis was used to compare performance for the different delay lengths in the DMTS task and
the different reversals in the serial reversal learning task. To assess reliability for the RT time
task, where performance was collapsed across 9 or 10 sessions, a Pearson correlation was used to
compare performance at the beginning and end of training. For the RT time task, because
subjects experienced different procedures, an ANOVA was also used to determine if there were

any significant differences in median RT across the experiments.

A Pearson correlation with a Bonferroni correction was used to compare performance
across tasks. Age and experience were included as potential variables that were related to
performance (Table 7.1). PCAs with an unrotated factor solution was used to determine if
variance in performance in the test battery could be accounted for with a single component. All

statistical analyses were performed using SPSS version 27.

Results

Individual Cognitive Tasks

Matrix Displays

The number of sessions need to reach criterion, 80% accuracy on two consecutive

sessions, was used as the dependent measure. The number of sessions subjects required ranged
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from 18-100 (M = 48.27, SD = 24). The data were reverse coded so a larger number indicated

better performance and then normalized.

Symbolic Match to Sample

The number of sessions need to reach criterion, 80% accuracy on all four pairs in a single
session, was used as the dependent measure. The number of sessions required ranged from 8-35
(M =20.5, SD = 9.13). The data were reverse coded so a larger number indicated better

performance and then normalized.

Serial Reversal Learning

Performance on the first session of the initial discrimination and each reversal was used
as the dependent measure. Performance on the initial discrimination and the first and second
reversals had weak and nonsignificant correlations with all measures. Performance on the third
and fifth and fourth and fifth reversals were significantly, positively correlated with each other.
While performance on the third and fourth reversal was also strongly, positively correlated, this
did not survive a Bonferroni correction (Table 7.2). This indicated that the initial discrimination
and the first and second reversals were not assessing the same ability or cognitive domain as the
third, fourth, and fifth reversals. In addition, previous research (Chapter 4) indicated that the
third, fourth, and fifth reversals were more sensitive to individual differences. Due to the strong
correlations between performance on the fourth and fifth reversals, an aggregate measure of
performance was created by collapsing across the two conditions. While performance on the
third and fifth reversals also had a strong correlation, this may have been due to both conditions

having the same reinforced stimulus.
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Delayed Match to Sample

Performance collapsed over the last three sessions (28, 29, and 30) of training was used
as the dependent measure. For one subject, Goodall, the 27, 28, and 29" sessions were used due
to a computer error in the 30" session. Performance with the 2-second delay was the most
reliable with an average correlation of .809 across the last three sessions. Performance with the
4-second delay was also fairly reliable, with an average correlation of .713. Performance at the O-
and 8-second delays were not as reliable, with an average correlation of .442 and .554
respectively. Performance on the 2-second and 4-second delay were also significantly, positively
correlated with each other (r =.783, n = 18, p <.001), thus an aggregate measure of performance

was collected by collapsing across the two conditions.

Reaction Time

Performance collapsed over all sessions of training was used as the dependent measure.
Only trials where subjects correctly pecked the target were used in the analysis. Reliability was
assessed by comparing the mean median RT in the first and last 3 sessions of training.
Performance was very reliable, with a correlation of .922 and previous analyses indicated there
were no significant differences in performance due to training (Chapter 6). Therefore, the median
RT collapsed across sessions of training were used in the analyses. A one-way ANOVA
confirmed there were no statistically significant differences in median RT based on which

experiment a subject experienced (F < 1).

Cognitive Test Battery

Correlation matrix

A Pearson correlation was used to determine if there was any relationship in performance

across the different cognitive tasks. Before the analysis, the data from the matrix displays, RT,
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and SMTS tasks were reversed coded so for all tasks a larger number indicated better
performance. The data were also normalized so there would be a similar range in scale across all
tasks. Tasks with multiple dependent measures were analyzed in two ways, with the aggregate
measure where performance was collapsed across highly correlated conditions as described
above, and with the individual task performance that composed the aggregate measure. For the
DMTS, performance on the 2- and 4-second delay were included, and for the reversal learning
task, performance on the fourth and fifth reversal were included in the analyses. Finally, age and
experience were also included in the analysis since they could have a potential relationship with

performance.

The correlation matrix with the aggregate measures was not uniformly positive across the
cognitive tasks (Table 7.3). Reversal learning was positively correlated with the matrix displays
and DMTS tasks, yet the matrix display task and DMTS were not correlated with each other.
Performance on the SMTS and RT were positively correlated, but had weak to negative
correlations with the other tasks. None of these correlations survived correction (a = .003). The

average correlation between the cognitive tasks was .224.

Age and experience had a strong, significant positive correlation with each other and thus
had a similar relationship with the cognitive tasks. Age and experience were negatively
correlated with almost all of the cognitive tasks, though only the correlation between age and the
SMTS was significant at the conventional level. Only the DMTS had no relationship with age or
experience. A partial correlation controlling for age had little effect on the correlations between

the cognitive tasks (Table 7.3).

Similar results were obtained when using the individual measures of performance for the

reversal learning and DTMS tasks (Table 7.4). Performance on the fifth reversal had a stronger
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correlation with the matrix displays task and 2- and 4-second delay from the DMTS task
compared to the fourth reversal. Performance on the 4-second delay had more positive
correlations with the other cognitive measures compared to the 2-second delay. The average
correlation between tasks across the matrix was .258. None of the correlations across tasks were
significant after a Bonferroni correction (o =.002). Similar to the analysis with the aggregate
measures, age and experience were negatively correlated with all cognitive measures, except for
the 4-second delay condition. Controlling for age did not substantially alter the correlations

between the cognitive tasks (Table 7.4).

Principal component analysis

To maximize the number of subjects in the PCA, performance on the matrix displays task
was not included in the analysis. A total of ten PCAs were conducted. To investigate the effect of
missing data, PCAs were performed using pairwise and listwise deletion (Dray & Josse, 2015).
For listwise deletion, this meant that only the subjects that had completed all four tasks (n = 15,
Table 7.1), were included in the analyses. Since some of the tasks had multiple dependent
measures or an aggregate measure, five PCAs were conducted to ensure that all tasks were
equally represented and to determine if the component structure was robust. Finally, because the
data were normalized, the PCA was based on the covariance matrix (Jolliffe & Cadima, 2016)
and was unrotated so the first component could account for the maximum amount of variance.

By convention, only Eigenvalues larger than 1 were retained.

For all the PCAs, two components with Eigenvalues larger than 1 were extracted (Table
7.5). For the analyses using pairwise deletion, the task loadings depended on which measure of
reversal learning was included in the analysis. When the aggregate measure and fifth reversal

was included, all tasks positively loaded onto the first component, which could account for 41.93
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— 44.28% of the variance in performance. While the aggregate measure of reversal learning, fifth
reversal, and DMTS positively loaded onto the second component, the SMTS and RT negatively
loaded onto this component, which could account for 31.64 - 35.3% of the variance in
performance. In contrast, when the fourth reversal was included, the DMTS measures only had a
positive loading on the second component. Interestingly, when the fourth reversal and 4-second
delay were included in the analysis, the first and second components could account for a similar
amount of variance in performance (38.33 and 37.41% respectively), and all tasks positively

loaded onto the second component.

For the analyses using listwise deletion, the five PCAs showed a similar pattern, where
performance on the SMTS and RT positively loaded onto the first component, which could
account for 39.87-44.5% of the variance, while performance on the reversal learning and DMTS
positively loaded onto the second component, which could account for 33.52-40.76% of the
variance. While the DMTS never positively loaded onto the first component, there was more
variation with the measures of reversal learning. The fifth reversal had positive loadings onto the
first component, though this was weaker than the loading on the second component. In contrast,

the fourth reversal never positively loaded onto the first component (Table 7.5).

Discussion

This was the first time that cognitive performance in the pigeon has been systematically
investigated using a test battery. The battery was created with the intention of assessing different
cognitive domains, including associative learning, cognitive flexibility, STM, and RT. We
predicted that performance would positively correlate across tasks, and that the matrix displays
and SMTS tasks may show a stronger correlation with each other since they seemed to rely on

associative learning. In contrast to our predictions, the correlation matrix was not uniformly
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positive and there were indications that tasks were forming two clusters. The matrix displays,
reversal learning, and DMTS tasks showed stronger positive correlations, while performance on
the SMTS and RT tasks were only positively correlated with each other. While age and
experience were negatively related to almost all cognitive tasks, controlling for age did not have

a substantial impact on the overall pattern of correlations between the cognitive tasks.

The PCAs only partially confirmed the clustering seen in the correlation matrix. When
pairwise deletion was used to handle missing data, all tasks had a positive loading on the same
factor in four out of the five PCAs, which could be interpreted as evidence for a g like factor. Yet
even within these analyses, there is evidence for a divide between the SMTS and RT tasks and
the reversal learning and DMTS tasks. This is clear when listwise deletion was used, where there
was no evidence for g, instead the cognitive tasks differentially loaded onto the two components.
The SMTS and RT tasks always had a positive loading onto the first component and no, or a
negative loading on the second component, with two exceptions. The reversal learning and
DMTS measures had variable loadings on the first component, but always positively loaded onto
the second component. A negative loading indicates that these tasks capture the opposite of what
the second component represents (Bro & Smilde, 2014). For the DMTS, performance always had
strong positive loading onto the second component. When the DMTS had a positive loading on
the first component, it was always weaker than the loading on the second component, and it was
more common for the DMTS to not load onto the first component or have a negative loading. For
the serial reversal learning task, the loading was more variable depending on if performance on
the fourth or fifth reversal was included in the analyses. The fourth reversal had a variable
loading on the first component, ranging from weakly positive to weakly negative. The fifth

reversal always had a positive loading onto the first component, but which component had a
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stronger loading depended on how the missing data were handled. For the pairwise deletion,
there was a stronger loading on the first component, but with the listwise deletion, there was a
stronger loading on the second component. Listwise deletion intensifies the divide between the
SMTS and RT tasks primarily reflecting one component while the reversal learning and DMTS
tasks reflected another. This divide is present to a smaller degree when pairwise deletion is used.
While listwise deletion is viewed as less reliable since the analyses are conducted with a smaller
sample size, for these data set there is not an extreme difference in sample size for listwise (n =
15) compared to pairwise (n = 16-21) deletion (Van Ginkel et al., 2014). In addition, the
correlation matrix supports separate clusters of cognitive tasks. Therefore, despite some evidence
for a g like factor using pairwise deletion, it is worthwhile to explore what these two components

represent.

Why do the tasks in the battery show these patterns of results? It could be due to an
overall difference in strategy that could be used for the two sets of tasks. In the matrix displays,
serial reversal learning, and DMTS tasks, it was possible to use a more general rule-based
strategy. For the matrix displays task, all of the reinforced displays had a change in size, for
serial reversal learning subjects could use a ‘win-stay, lose-shift’ rule, and for DMTS subjects
could, as the name implies, use a matching rule. For the SMTS and RT tasks, it was not possible
to use a rule-based strategy. In the SMTS task, the pairs were selected because they did not have
any consistent perceptual feature that could be used to guide choice behavior. In the RT task, the
location of the target was pseudorandomized and it would have been difficult for subjects to
predict where it would appear. Therefore, one interpretation of the components would be tasks
that rely on memorization or associative learning (component 1) and tasks where it is possible to

use a rule-based strategy (component 2). Yet, this is not wholly satisfactory given the difference
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in loadings for the fourth and fifth reversals. While the fourth and fifth reversal positively loaded
onto the second ‘rule-based’ component, the fifth reversal always loaded positively on the first
‘memorization/associative learning’ component as well. In contrast, the fourth reversal rarely
positively loaded onto this first component. According to the proposed interpretation, this would
indicate that by the fifth reversal, a general rule has less control over performance. Instead of
component 2 reflecting a rule-based strategy, it could reflect inhibitory control. Arguably,
subjects would perform better on the choice RT task with poor inhibitory control since they
could react faster to a change in their environment. Yet poor inhibitory control would likely lead
to worse performance on the serial reversal learning task since subjects would need to inhibit
their peck response to the previously reinforced stimulus when presented with a new

contingency.

It is also possible these two components reflect differences in automaticity. Human
research has indicated that skill or task learning occurs in three phases, where the initial learning
phase requires effortful cognitive processes while the final phase relies on automated responses
(Ackerman, 1988). Progression though these phases partially depends on the complexity and
consistency of the task (Ackerman, 1988). Component 1 could reflect tasks that have become
automized, while component 2 reflects tasks that are not yet automized. It is consistent with the
human literature that the choice RT task would quickly become automated due to its high level
of stimulus-response compatibility and consistent task demands. This could also account for the
difference between the fourth and fifth reversal in the serial reversal learning task. As training

continues, performance is more likely to rely on automatic responses (Ackerman, 1988).

Finally, these components could also reflect differences in which tasks are sensitive to

age-related declines. Component 1 reflects tasks that show age related declines in performance,
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while component 2 reflects tasks where performance does not change with age. Performance on
the SMTS and choice RT tasks was negatively correlated with age, which is consistent with the
human literature. Research with humans has demonstrated that associative learning, as measured
with the arbitrary word pairs task, is related to processing speed and that performance declines
with age (Rast & Zimprich, 2009; Salthouse, 1994). This indicates that pigeons may have similar
age-related changes in cognition compared to humans, but additional research is needed. Even
though these interpretations are presented individually, they are not mutually exclusive. It is
likely that more specialized cognitive abilities, like inhibitory control, influence rate of

automation or are also influenced by age-related changes in performance.

While these interpretations are still speculative, the most striking result from the test
battery is that there is more evidence for a two-component structure rather than a g-like factor.
The potential two-component structure contradicts our predictions and many of the previous
results with other species (Flaim & Blaisdell, 2020). While the results from this test battery are
not a definitive conclusion on the structure of pigeon cognition, it would be helpful to identify
which features of the sample or test battery led to these results. There are three primary issues
that will be discussed. The first and most obvious issue is that the statistical analyses are
underpowered (Bonett & Wright, 2000; Mundfrom et al., 2005). Nevertheless, a g like factor has
been found in samples of similar size (Isden et al., 2013; Shaw et al., 2015). Thus, while this is
an issue across a few animal cognitive test batteries, it doesn’t necessarily preclude finding the

results we predicted.

The second issue is that the tasks in this cognitive battery required more sessions of
training compared to the cognitive test batteries given to other species, including humans

(Johnson et al., 2004). For example, it took robins an average of 17 days to complete a five-task
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battery (Shaw et al., 2015). In contrast, subjects needed an average of 84.45 days (SD = 12.78) to
complete all of the following tasks, serial reversal learning, SMTS, DMTS, and RT tasks, not
including preliminary training. It could be that the amount of training and time each subject spent
on the task causes this factor structure, instead of a genuine difference between pigeons and other
species. Yet it is not clear how differences in training could cause this specific cognitive
structure or prevent a g like factor from being found, particularly when the tasks were
specifically investigated for sensitivity to individual differences. Even with the length of training,
performance on tasks in the battery did not show ceiling or floor effects (Schubiger et al., 2020;
Volter et al., 2018). When possible, the data were also analyzed for reliability and the results
indicated that the measures used in analyses were moderately stable over a short time frame.
Similarly, positive correlations between multiple measures from the same task indicated that the
task was consistently measuring the same underlying construct. While noncognitive traits like
persistence were not assessed, many of these tasks were selected because previous research
indicated that they were cognitively demanding (Izquierdo et al., 2017; Kaufman et al., 2009;
Zentall & Smith, 2016). The least cognitively demanding task, RT, was selected because of the
consistent relationship between g and RT in humans (Sheppard & Vernon, 2008). Therefore, it
seems unlikely that either the length of training or the tasks themselves could prevent a g like

factor from being consistently extracted from a PCA.

The third issue is the difference in experience with cognitive tasks that our pigeons have
compared to the other species primarily discussed thus far. The mice and avian cognitive test
batteries have used experimentally-naive subjects, which would make the testing apparatus and
subsequent experimental conditions very novel. The subjects in this test battery, like many other

pigeon research laboratories (and also similar to nonhuman primate research), had different
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amounts of experience with other cognitive tasks in the touchscreen operant chamber. This
meant that all subjects had been exposed to different stimuli, peck requirements, and
reinforcement rates, which reduces the novelty of the tests in the battery (Table 7.1). As
mentioned in the introduction, novelty is a factor for why some tasks show a strong g loading,
but this is not true for all tasks used in human research. For example, vocabulary tests also have a
strong g loading and primarily rely on retrieving previously learned knowledge under familiar
conditions (Colom et al., 2002; Gignac, 2015). In addition, human FSIQ are typically
administered using formats commonly found in Western educational settings (Clark et al., 2016),
such that the apparatus and general procedure are familiar to most of the participants, similar to
the pigeon subjects in this experiment. So, if the prior experience with the apparatus and general
experimental procedure prevented a g like factor in pigeons, it would have major implications
when comparing g across humans as well. Ultimately, however, the difference between naive
and experienced subjects is an unlikely explanation for these differences since experience with
other cognitive tasks had a relatively weak relationship with performance on the cognitive test

battery (Table 7.2, 7.3).

Differences in the test battery and experimental history of the subjects are not satisfactory
explanations for why we did not extract a robust g like factor. Is there a satisfactory explanation
at the species level? While previous research has demonstrated striking similarities in
performance between pigeons and primates, the parameters for each species were different
(Colombo & Scarf, 2020). Pigeons need more stimuli or examples to show evidence for general
rule learning compared to primates. For example, Wright and Katz (2006) have investigated
same/different concept learning in Rhesus and capuchin monkeys and pigeons, using similar

procedures and identical stimuli. Their criterion for full abstract concept learning is that
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performance with completely novel stimuli must match performance with previously trained
stimuli. Initially, all subjects were trained with a set of eight pictures until they were 80%
accurate, then they were tested with novel pictures. The set size of the pictures doubled if
subjects failed to show full concept learning at test. Rhesus and capuchin monkeys had full
concept learning with a set size of 128 pictures, whereas most pigeons needed a set size 256
pictures, and one pigeon needed 1024! It should be noted that none of the species here showed
any evidence for concept learning with the initial set of 8 pictures. So, it is possible that all
subjects initially learned the task by memorizing each initial item pair then all gradually
transferred to using an abstract matching concept, but pigeons were the slowest to transfer. The
obvious question is why are pigeons slower to transfer! The most likely answer is because
pigeons are birds, but the type of bird may be an important qualifier. Subsequent investigations
have shown that nutcrackers and black-billed magpies, members of the corvid family, show full
concept learning with 128 pictures, the same as the monkeys (Wright et al., 2018). It has been
stated that pigeon’s ‘preferred strategy’ is the concrete one, where subjects will use each unique
stimulus configuration to guide behavior as opposed to a more flexible, stimulus independent
rule (Wright, 1997, p. 119). This seems to apply to a wide variety of tasks, but the goal of these
experiments is to figure out how to break the concrete strategy (Colombo & Scarf, 2020; Wright,
1997; Wright & Katz, 2006). It would be helpful to understand why pigeons tend to use a
concrete strategy over an abstract one, as it may be related to the two-component structure

extracted in this experiment.

Further speculations on why pigeons have a different cognitive structure than other
species should be resisted until these results are replicated. While there are clear strengths to the

tasks used in this battery, there are also weaknesses. Future, stronger test batteries should assess
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a broader array of cognitive domains. Spatial reasoning in particular would be an excellent
addition since there have been investigations directly comparing the abilities of pigeons and
humans in a variety of paradigms (Hollard & Delius, 1982; Spetch et al., 1996). Non-cognitive
factors, like persistence and neophobia, should also be assessed. While it seems unlikely to
explain the results obtained here, non-cognitive factors have been shown to differentially impact
performance on seemingly cognitive tasks and should be explicitly accounted for (Carere &
Locurto, 2011; Isden et al., 2013; Shaw & Schmelz, 2017). Finally, and on a more practical note,
ideally the entire test battery should take far less time to complete. The amount of time to train
and test subjects limits the number of tasks that can be included and how feasible it is for other
labs to replicate the results. Investigating g across a variety of species could help determine if
there are consistent neuroanatomical features present in species that exhibit a g factor compared
to species that do not. Ultimately this test battery is an interesting step towards understanding the
general cognitive abilities of the pigeon. Future investigations are sure to yield insights about the

structure of general cognitive abilities across species.
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Test Battery Tasks

Matrix Symbolic Match  Serial Reversal Delayed Match Reaction

Age Experience Name Displays to Sample Learning to Sample Time Total
17 10 Vonnegut 1 1 1 1 1 )
17 9 Dickinson 1 1 1 1 1 5
3 2 Bowser 1 1 1 1 1 5}
3 1 Peach 1 1 1 1 1 5
3 1 Waluigi 1 1 1 1 1 5
3 0 Luigi 1 1 1 1 1 5
3 0 Mario 1 1 1 1 1 5
3 0 Shy Guy 1 1 1 1 1 5

3 0 Wario 1 1 1 1 1 5
17 6 Estelle 0 1 1 1 1 4
16 9 Jubilee 0 1 1 1 1 4
11 7 Herriot 0 1 1 1 1 4
17 9 Hawthorne 1 1 1 0 1 4
11 6 Goodall 0 1 1 1 1 4
0.5 0 Athena 0 1 1 1 1 4
0.5 0 Wenchang 0 1 1 1 1 4
16 9 Gambit 0 1 1 1 0 3
12 11 Darwin 0 0 1 1 1 3
12 6 Durrell 0 1 1 0 1 3
12 5 Cousteau 0 0 1 1 1 3
3 2 Yoshi 1 0 1 0 1 3
1 2 Itzamna 0 0 1 0 1 2
1 1 Odin 0 0 1 0 1 2

Total 11 18 23 18 22

Table 7.1. All subjects in the test battery and which tasks they completed, where 1 signifies they completed the task and 0 signifies they
did not. Experience refers to the number of cognitive tasks completed before or between tasks in the cognitive test battery.
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Reversal Learning

Initial First Second Third Fourth
First r 0.013(20) --
p 0.957
Second r 0.031(22) 0.189 (21) --
p 0.891 0.413
Third r -0.05(22) 0.04 (21) 0.154 (23) --
p 0.825 0.863 0.483
Fourth r 0.308 (22) 0.083 (21) 0.001 (23) .572(23) --
p 0.162 0.72 0.995 0.004
Fifth r 0.108 (21) 0.001 (20) 0.101 (22) .712(22) .623(22)
p 0.641 0.996 0.656  >0.001 0.002

Table 7.2. Correlation matrix between the measures of the serial reversal learning task. The number inside the parenthesis is the
sample size. Italicized values indicate the result was significant before correcting for multiple comparisons, while bolded values

indicate the result was significant after a Bonferroni correction.
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Pearson Correlation

Variable Matrix Displays SMTS Reversal Learning  DMTS RT Experience
Matrix Displays r 0.126 (7) 0.748 (8) -.105 (6) -.207 (8) -0.256 (8)
p 0.747 0.013 0.804 0.566 0.475
SMTS r 0.31 (10) 111 (15)  .092 (13)  .424(14) 0.157 (15)
p 0.383 0.672 0.745 0.101 0.548
Reversal Learning r 0.753 (11) 0.201 (18) 0.51 (14) .092 (18) 0.309 (19)
p 0.007 0.423 0.044 0.7 0.173
DMTS r -0.1(9) 0.074 (16) 0.495 (17) -174 (14) 0.111 (15)
p 0.798 0.785 0.043 0.52 0.67
RT r -0.016 (11) 0.524 (17) 0.163 (21) -0.166 (17) 0.267 (19)
p 0.962 0.031 0.479 0.525 0.241
Experience r -0.485 (11) -0.404 (18) -0.089 (22) 0.052 (18) -0.247 (22)
p 0.131 0.096 0.694 0.836 0.269
Age r -0.43 (11) -0.491 (18) -0.218 (22) 0.011(18) -0.367 (22) 0.927 (23)
p 0.187 0.038 0.33 0.964 0.093 <.001

Table 7.3. Correlation matrix between the measures of the cognitive test battery, age, and experience. An aggregate measure was used
for the reversal learning and delayed match to sample (DMTS) tasks. The values in the lower half of the triangle are zero-order
correlations and the number inside the parenthesis is the sample size. The values in the upper half of the triangle are partial
correlations controlling for age and the number inside the parenthesis are the degrees of freedom. Bolded values indicate the result
was significant before correcting for multiple comparisons and italicized values indicate results that were no longer significant after
controlling for age.
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Matrix Fourth Fifth 2 Sec 4 Sec
Variables Displays SMTS Reversal Reversal Delay Delay RT Experience
Matrix
Displays r 0.126 (7) 0.55 (8) 0.744 (8)  -0.403 (6) 0.171(6) -0.207 (8) -0.256 (8)
p 0.747 0.1 0.014 0.322 0.686 0.566 0.475
SMTS r 0.31 (10) 0.037 (15) 0.165(15) -0.005(13) 0.179(13) 0.424(14) 0.157 (15)
p 0.383 0.889 0.528 0.987 0.523 0.101 0.548
Fourth
Reversal r 0.522 (11) 0.062 (18) 0.644 (19) 0.291 (15) 0.463(15) 0.017 (19) 0.314(20)
p 0.1 0.806 0.002 0.257 0.061 0.943 0.155
Fifth Reversal r 0.779 (11)  0.307 (18) 0.623 (22) 0.428 (14) 0.55(14) 0.113(18) 0.25(19)
p 0.005 0.216 0.002 0.098 0.027 0.634 0.275
2 Sec Delay r -0.337 (9) 0.026 (16) 0.294 (18) 0.421 (17) 0.792 (15) -0.09 (14) 0.017 (15)
p 0.375 0.925 0.237 0.092 <.001 0.74 0.948
4 Sec Delay r 0.119(9) 0.116 (16) 0.456 (18) 0.485(17) 0.783(18) -0.24 (14) 0.191 (15)
p 0.76 0.669 0.057 0.048 <.001 0.371 0.462
RT r -0.016 (11) 0.524 (17) 0.038 (22) 0.227 (21) -0.062(17) -0.252(17) 0.267 (19)
p 0.962 0.031 0.867 0.322 0.814 0.329 0.241
-0.247
Experience r -0.485 (11) -0.404 (18) 0.06 (23) -0.237(22) -0.05(18) 0.146 (18) (22)
p 0.131 0.096 0.785 0.288 0.845 0.564 0.269
-0.367
Age r -0.43(11) -0.491(18) -0.062 (23) -0.351(22) -0.061 (18) 0.08 (18) (22) 0.927 (23)
p 0.187 0.038 0.78 0.11 0.811 0.752 0.093 <.001

Table 7.4. Correlation matrix between the measures of the cognitive test battery, age, and experience. The values in the lower half of
the triangle are zero-order correlations and the number inside the parenthesis is the sample size. The values in the upper half of the
triangle are partial correlations controlling for age and the number inside the parenthesis are the degrees of freedom. Bolded values
indicate the result was significant before correcting for multiple comparisons and italicized values indicate results that were no longer
significant after controlling for age. Bolded and underlined values indicate the measures were from the same task
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Principal Component Analysis
Pairwise deletion Listwise deletion (n = 15)

Task PC1 PC2 PC1 PC2
SMTS 0.76  -0.39 0.87

RT 065 -0.62 0.92

Reversal Learning 0.70 0.51 0.57
DMTS 0.44 0.79 0.97
Eigenvalue 1.67 1.41 1.64 1.29
% Variance Explained 4193  35.30 44.53 35.18
SMTS 0.87 0.87

RT 0.86 0.91

Fourth Reversal 0.22 0.81 0.68
2-Sec Delay 0.79 0.93
Eigenvalue 1.54 1.32 1.63 1.37
% Variance Explained  37.96  32.66 39.87 33.52
SMTS 0.62 0.61 0.80 0.41
RT 0.82 0.37 0.92

Fourth Reversal -0.40 0.76 -0.23 0.75
4-Sec Delay -0.58 0.65 -0.35 0.76
Eigenvalue 1.55 1.51 1.66 1.32
% Variance Explained  38.33 3741 42.76 33.83
SMTS 0.78  -0.36 0.87

RT 0.72  -0.50 0.90

Fifth Reversal 0.72 0.47 0.29 0.42
2-Sec Delay 0.36 0.82 1.04
Eigenvalue 1.77 1.27 1.67 1.28
% Variance Explained  44.29  31.64 45.03 35.49
SMTS 0.80 -0.29 0.86

RT 0.64  -0.66 0.93

Fifth Reversal 0.75 0.43 0.23 0.48
4-Sec Delay 0.39 0.84 0.93
Eigenvalue 1.77 1.40 1.68 1.17
% Variance Explained 44,18  35.08 47.64 33.15

Table 7.5. The loadings and percentage of variance explained for each principal component,
with two different methods of handling missing data and different dependent measures. The top
row of analyses used an aggregate measure from the delay match to sample (DMTS) and
reversal learning task, while the subsequent analyses use the individual measures from the tasks.
For the symbolic match to sample (SMTS) and RT (reaction time) tasks, the same measures are
used for all analyses.
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Chapter 8: Conclusion

The goal of this dissertation was to understand the general cognitive abilities of pigeons.
This was inspired by the general intelligence research conducted with humans, where
participants are given a diverse battery of cognitive tests. Performance is positively correlated
across all of the different tests, resulting in a uniformly positive correlation matrix. Subsequent
factor analysis on the positive correlation matrix extracts one factor that accounts for
approximately half of the variance in performance. This factor is termed g (Carroll, 1993; Deary,
2000; Jensen, 1998). My goal was to use a similar methodology, creating a diverse cognitive test
battery, to determine if pigeons also have a g factor.

To create this test battery, in the first chapter I reviewed how g is assessed in humans and
nonhuman animals (hereafter animals). For research with humans, it was emphasized that g is a
robust finding, related to retrieving knowledge and novel problem solving, and can be extracted
irrespective of test format or exact test battery contents (Johnson et al., 2004). In addition, the
relationship between g and other cognitive abilities was also discussed. Working memory (WM),
short-term memory (STM), associative learning, and processing speed have a strong or
consistent relationship with g, while inhibition has a weak to nonexistent relationship (Flaim &
Blaisdell, 2020). For research with animals, | focused on nhonhuman primates, mice, and avian
species due to the large amount of research that had been conducted thus far. While there have
been failures to replicate g in chimpanzees (Herrmann et al., 2010), mice (Locurto et al., 2003,
2006), and song sparrows (Boogert et al., Anderson et al., 2017), a majority of species assessed
do show evidence for g (Table 1.1). It may be more accurate, however, to state that animals show
a g like factor, due to differences in cognitive test battery construction. Some test batteries given

to primates include social problems (Kaufman et al., 2019; Herrmann et al., 2010; Hopkins et al.,
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2014), while avian test batteries always include a measure of inhibition (Anderson et al., 2017;
Ashton et al., 2018; Boogert et al., 2011; Isden et al., 2013; Shaw et al., 2015). This means that
animal g may be related to social abilities and inhibition, unlike the g extracted in humans.
Additionally, even though the g factor found in humans has shown a consistent relationship to
processing speed, no similar measure has been included in animal test batteries. Even when the
same cognitive abilities are purportedly being investigated across species, the differences in the
methodology employed could result in the tasks relying on different cognitive abilities. Using
associative learning for example, in humans this is assessed by presenting unrelated word pairs
and tracking how accuracy improves over subsequent study and test blocks. For avian species
and mice, associative learning is assessed by training animals to associate one stimulus, either a
color or smell, with an outcome like food. It is unclear if these two tasks, with their differing
levels of complexity, truly assess the same underlying abilities. So, while there is some evidence
that humans and animals have a g factor, there is also evidence that this g factor may differ
across species, but it is difficult to determine due to the differences in test batteries.

The pigeon cognitive test battery was created to facilitate comparisons between human
and animal cognitive test batteries. This battery was administered to 23 pigeons that ranged in
age from 6 months to 18 years old. It ultimately included a matrix displays task and a symbolic
match to sample (STMS) task to assess associative learning, serial reversal learning to assess
inhibition, a delayed match to sample (DMTS) to assess STM, and a choice reaction time (RT)
task to assess processing speed. In chapters 2-6, | describe the procedure and results of each task
in depth to justify which dependent measure was included in the battery analysis. Measures were
included if they were sensitive to individual differences, but were also reliable measure of

performance. The measures included in the battery were the sessions to criterion in the matrix
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displays task, sessions to criterion in the SMTS, first session performance on the fourth and fifth
reversal for the serial reversal learning task, accuracy on the 2 and 4 second delay collapsed
across the last three sessions of the training for the DMTS, and the mean median RT collapsed
across 9 or 10 sessions of training for the choice RT task. Performance on the serial reversal
learning and DMTS was also investigated with aggregate measures for each task that collapsed
across the two individual measures described above. The data were further processed before
analysis to enhance comparisons across tasks. The sessions to criterion and mean median RT
data were reversed coded so better performance was always indicated by a higher number. Then
all data were normalized (observed value — mean value/standard deviation) to create a similar
range and variance across all measures. Finally, age and experience, measured as the number of
other cognitive tasks experienced before or during completion of the test battery, were also
included in the analyses when appropriate.

Once the data were processed, the relationships between tasks was investigated using a
Pearson correlation. In contrast to the results obtained with humans and many other species, the
correlation matrix was not uniformly positive, instead there was evidence that the cognitive tasks
formed two clusters. Performance on the SMTS and choice RT tasks were significantly,
positively correlated with each other, forming the first cluster. The aggregate measure for the
serial reversal learning task was significantly, positively correlated with the matrix displays and
aggregate measure for the DMTS task, forming the second cluster. Similar results were obtained
when the individual measures, performance on the 2 and 4 second delays for the DMTS and
performance on the fourth and fifth reversal, were used. The main difference when using the
individual measures was between the fourth and fifth reversal. Performance on the fifth reversal

had stronger, positive correlations with all other cognitive tasks compared to the fourth reversal.
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Age and experience were also included in the correlation analyses, but, since they were strongly
correlated with each other (r = .93), only age will be discussed here. There was a significant,
negative correlation between age and the SMTS task. While this was the only significant
correlation, choice RT and matrix displays also showed negative correlations. Performance on
the 2 and 4 second delays had zero-order correlations with age. Finally, even though the fourth
reversal had a zero-order correlation with age, the fifth reversal showed a more substantial
negative correlation. With these correlation matrices, there is an indication that the serial reversal
learning tasks relies on different underlying processes as the task progresses, which may not be
equally impacted by age. In addition, there was no compelling evidence for g since the
correlation matrices were not uniformly positive. Instead, there was preliminary evidence that
these cognitive tasks form two separable clusters.

Principal component analysis (PCA) was used to further investigate the results of the
correlation matrices. Due to different methods of handling missing data and the nuances of the
individual measures, 10 PCAs were conducted using the measures from the SMTS, choice RT,
serial reversal learning, and DMTS tasks to maximize the number of subjects analyzed. The
results of the PCAs replicated the clusters seen in the correlation matrices a majority of the time,
where the SMTS and choice RT tasks loaded onto the first component and the serial reversal
learning and DMTS tasks loaded onto the second component.

While these results are preliminary, it would be helpful for future investigations to
speculate on what these two components could reflect. | theorized that these components could
reflect how these tasks rely on different underlying cognitive abilities, like memorization and
inhibitory control. These components could also reflect differences in how automatic a task

could be. Finally, these components could reflect differences in age related declines on cognitive
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performance. These theorized components are not mutually exclusive since age could impact
inhibitory control or how quickly a task becomes ‘automatic’. Additional research, particularly
on avian aging, is needed before these components can be interpreted with more confidence.
Ultimately, this dissertation was successful at creating a cognitive test battery for

pigeons. It assessed a wide range of cognitive domains, was sensitive to individual differences,
and had reliable measures of performance. Despite this, I did not find evidence for a g factor in
pigeons as seen in humans and many other species. Instead of a uniform positive correlation
matrix, there was evidence for two components, which was reflected in the PCAs. While | was
able to speculate on what these components could reflect, further research is necessary before
drawing strong conclusions. These results are a sound first step in the novel investigation of

pigeon intelligence.
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