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From “invisible” to “audible”: Features
extracted during simple speech tasks classify
patient-reported fatigue in multiple sclerosis

Alyssa Nylander“~', Nikki Sisodia, Kyra Henderson, Jaeleene Wijangco, Kanishka Koshal,
Shane Poole, Marcelo Dias, Nicklas Linz, Johannes Troger, Alexandra Konig,

Helen Hayward-Koennecke, Rosetta Pedotti, Ethan Brown, Cathra Halabi,

Adam Staffaroni and Riley Bove

Abstract

Background: Fatigue is a major “invisible” symptom in people with multiple sclerosis (PwMS), which
may affect speech. Automated speech analysis is an objective, rapid tool to capture digital speech bio-
markers linked to functional outcomes.

Objective: To use automated speech analysis to assess multiple sclerosis (MS) fatigue metrics.
Methods: Eighty-four PWMS completed scripted and spontaneous speech tasks; fatigue was assessed
with Modified Fatigue Impact Scale (MFIS). Speech was processed using an automated speech analy-
sis pipeline (ki elements: SIGMA speech processing library) to transcribe speech and extract features.
Regression models assessed associations between speech features and fatigue and validated in a separate
set of 30 participants.

Results: Cohort characteristics were as follows: mean age 49.8 (standard deviation (SD)=13.6), 71.4%
female, 85% relapsing-onset, median Expanded Disability Status Scale (EDSS) 2.5 (range: 0-6.5), mean
MFIS 27.6 (SD=19.4), and 30% with MFIS >38. MFIS moderately correlated with pitch (R=0.32,
p=0.005), pause duration (R=0.33, p=0.007), and utterance duration (R=0.31, p=0.0111). A logistic
model using speech features from multiple tasks accurately classified MFIS in training (area under the
curve (AUC)=0.95, R?=0.59, p <0.001) and test sets (AUC=0.93, R?=0.54, p=0.0222). Adjusting for
EDSS, processing speed, and depression in sensitivity analyses did not impact model accuracy.
Conclusion: Fatigue may be assessed using simple, low-burden speech tasks that correlate with gold-
standard subjective fatigue measures.
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Introduction individual’s tendency to experience fatigue.?

Multiple sclerosis (MS) is a chronic neuroinflamma-
tory disease commonly accompanied by neurological
fatigue. Fatigue is a major “invisible” symptom in
people with multiple sclerosis (PwMS) that can pre-
cede diagnosis and worsen quality of life. Current
gold-standard measures of fatigue typically require
retrospective review and self-reporting of previous
fatigue over the past 4weeks.! In addition, “state”
assessments of fatigue describe an individual’s state
in the moment, but these may require repeated meas-
ures over time to more comprehensively measure an

However, both of these types of assessment do not
necessarily provide objective or ecologically mean-
ingful data on fatigue and function.

PwMS have commonly reported changes in speech
and voice characteristics, and some studies have sug-
gested that changes to voice and speech may be
related to fatigue.>> Recent work using automated
speech analysis in MS and other neurologic dis-
eases®? has demonstrated the potential of this tech-
nology to serve as an objective, rapid, and unbiased
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tool, collecting digital speech biomarkers that could
quantify functional outcomes which are important to
patients, like fatigue.

The goal of this study was to evaluate whether acous-
tic and linguistic features, extracted using automated
analysis, are associated with self-reported MS fatigue.
We further evaluated the performance of these fea-
tures across three brief speech tasks—both scripted
and spontaneous. We hypothesized that automated
speech analyses could identify features of speech that
correlate with fatigue levels and could, therefore, act
as digital biomarkers of fatigue. From the features
available, features relating to jitter, pitch, formants,
and pauses were hypothesized to be most sensitive to
fatigue.

Methods

Participants

In an ongoing transdiagnostic digital phenotyping
study, a convenience cohort of PWMS was recruited
from the University of California, San Francisco
(UCSF) Multiple Sclerosis and Neuroinflammation
Center; data from the 84 individuals were analyzed
as the training set and 30 individuals as the test set.
Inclusion criteria were as follows: a diagnosis of MS
by 2017 McDonald Criteria and Expanded Disability
Status Scale (EDSS)=<6.5 because part of the
broader digital phenotyping study involves a walk-
ing task on an automated gait analysis walkway.
EDSS Functional System scores were not available.
Exclusion criteria were as follows: inadequate visual,
auditory, and motor capacity to operate tablet-based
programs, other neurological or non-affective psy-
chiatric disorders.

Procedure

All study procedures were approved and in accord-
ance with the ethical standards of the Committee
for Human Research at the University of California
at San Francisco (institutional review board (IRB)
No. 21-33227). Written informed consent was
obtained from all participants. Participants com-
pleted speech tasks, cognitive assessments, and
patient-reported outcomes (PROs) within one visit.
All study assessments were administered by trained
study staff.

Speech task
Speech was recorded during three tasks:

e Scripted reading task (Grandfather Passage—a
public domain text that is frequently used to
generate speech samples);

e Description task (Image Description—prompt:
“You will see a picture. Please describe this
picture in detail, as if you were talking to some-
one who does not see the picture”); and

e Personal narrative task (Morning Routine—
prompt: “Please describe what you do in the
morning to get ready for your day.”).

While some participants completed all three tasks,
others (<10%) completed only one or two due to time
constraints. The order of the tasks was always the
same when multiple tasks were performed. The total
duration of time in acquiring speech for these tasks
was approximately 3 minutes.

Automated speech analysis

Speech was processed using a proprietary automated
speech analysis pipeline (ki elements: SIGMA speech
processing library)'®13 to transcribe speech and
extract both acoustic and linguistic features.

o Jitter relates to glottic pulses or vibrations of
the glottal folds, with reduced control on vocal
fold vibrations resulting in a higher percentage
of jitter and a harsh, hoarse, and rough voice
quality. Shimmer refers to the same perturba-
tion but relates to the amplitude of the sound
wave.

e Pitch, characterized as the spectral FO peak, is
the fundamental frequency at which vocal
cords vibrate.

e Formants are resonances above FO and repre-
sent local spectral maximums resulting from an
acoustic resonance of the human vocal tract.
Variability of the first three formants across
time strongly correlates with the range of
motion of the jaw and tongue and overall mus-
cle tenseness. Formant bandwidths increase
with the presence of a glottal chink, common in
breathy voices.

e Pause-related features reflect the duration,
standard deviation (SD), and frequency of
pauses, or silent spaces between speech utter-
ances (utterance duration is also measured).

PROs

Participants completed the Modified Fatigue Impact
Scale (MFIS), a validated and gold-standard measure
of self-reported fatigue in PwMS.! The total score of
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the MFIS ranges from 0 to 84, with physical, cogni-
tive, psychosocial subscores. Prior studies have used
a total score of 38 as a cutoff to discriminate fatigued
from non-fatigued individuals;'%! this performs well
as a cutoff for fatigue in most cases, but may underes-
timate fatigue in people with higher education, men
<24 years, or women 65-74.1% In addition, partici-
pants completed the Hospital Anxiety and Depression
Scale—Depression (HADS-D) to assess mood, and
Symbol Digit Modalities Test (SDMT) to assess pro-
cessing speed as an aspect of cognition.

Statistical analysis

Descriptive statistics and #-tests were performed to
describe demographic characteristics of the cohort.
Correlations between speech features and MFIS were
assessed with univariate regression and reported as
Pearson’s correlations. For feature selection, LASSO
(least absolute shrinkage and selection operator)
regression with leave-one-out cross-validation was
implemented. The LASSO method was employed to
regularize and reduce the feature set, minimizing mul-
ticollinearity and optimizing model sparsity. Leave-
one-out cross-validation ensured that the selected
features consistently improved model performance,
enhancing generalizability and reducing overfitting.
The most significant parameters were selected to gen-
erate a nominal logistic model for fatigue as a cate-
gorical measure. Models were created using speech
features from individual speech tasks as well as com-
binations of speech tasks, and covariates were sequen-
tially added to the model to assess model stability.
Finally, the model was applied to stratified popula-
tions: non-depressed individuals (HADS-D <),
individuals with normal (SDMT=50) and low
(SDMT < 50) processing speed, and individuals with
mild to moderate disability (EDSS <4) to assess
generalizability.

Results

Demographics

From the entire cohort, 84 participants were included
in the training analyses and 30 subsequently enrolled
participants were designated as the test set.
Characteristics of the training set were as follows:
mean age 49.8 (SD=13.6), 71.4% female, mean MS
disease duration 9.9years (SD=7.4), 85.7% relaps-
ing-onset MS, median EDSS 2.5 (range: 0-6.5), mean
MFIS 27.6 (SD=19.4), and 29.8% had MFIS > 38,
that is, in “fatigue” range. Similar characteristics were
seen in the test set. Table 1 summarizes their demo-
graphic and clinical characteristics.

Associations with speech features: individual

tasks

Correlations between MFIS and speech features were
evaluated for each speech task (Table 2) and visual-
ized as a heatmap (Figure 1). Notably, many of the
features that correlated with MFIS also correlated
with HADS-D and EDSS, and inversely correlated
with SDMT. These covariates and their relationship to
MFIS and speech features are discussed further below.

Pitch. Features related to pitch had moderate correla-
tions with MFIS in all three speech tasks (Grandfather
Passage: R=0.26, p=0.03; Image Description:
R=0.32, p=0.005; and Morning Routine: R=0.26,
p=0.03).

Pauses. Features related to pauses, including pause
duration mean (Grandfather Passage: R=0.33,
p=0.01; Morning Routine: R=0.30, p=0.01) and
pause duration SD (Grandfather Passage: R=0.30,
p=0.02; Morning Routine: R=0.32, p=0.01), were
moderately correlated with MFIS. Utterance duration
was moderately correlated with MFIS for the Grand-
father Passage and Morning Routine tasks (mean—
Grandfather Passage: R=0.30, p=0.01,
SD—Grandfather Passage: R=0.31, p=0.01; SD—
Morning Routine: R=0.23, p=0.05; signal to noise
ratio—Image Description: R=0.26, p=0.03). Similar
correlations were found between these speech metrics
and the MFIS cognitive subscore.

Articulation and loudness. In addition, features
related to articulation (MFCCS1, MFCCS3, Ham-
marberg index) and loudness (loudness SD, rate loud-
ness peaks, alpha ratio mean and SD) were found to
moderately correlate with MFIS.

MFIS regression models

Single tasks. Next, we evaluated the ability of speech
features to classify MFIS categorically, using a total
score of 38 as a cutoff to discriminate fatigued from
non-fatigued individuals.'*!7 For feature selection,
LASSO regression with leave-one-out cross-valida-
tion was implemented. Models using speech features
from only one task explained moderate variance in
MFIS score but could not be reproduced in the test set
of participants, suggesting overfitting of the model
(Supplemental Table 1).

Combined tasks. Using speech features from more than
one task improved model performance and separation
in categorical models. Robust separation in fatigued
versus non-fatigued categories was achieved using
features from Grandfather Passage and Morning
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Table 1. Clinical and demographic characteristics of the participants: a predominantly relapsing, low-disability group on
disease-modifying therapy, representative of the clinic population, divided into a training and test/validation sets.

Training (n=_84) Validation (n=30)

Sex—n (%)
Female
Male
Age at examination—mean (SD)
Race/Ethnicity—rn (%)
Asian/Pacific Islander/Native American
Black
Hispanic or Latino
White Non-Hispanic
Other/Declined/Unknown
MS type—n (%)
Relapsing
Progressive
Not specified
MS disease duration—mean (SD)
EDSS—median (range)
Disease-modifying therapy—n (%)
Anti-CD20
First generation injectable
Other monoclonal antibody
Oral
MFIS—mean (SD)
MFIS—n (%) =38
HADS-Depression—mean (SD)
HADS-Depression—rn (%) =8
SDMT-—mean (SD)
SDMT—= (%) <50

60 (71.4) 23 (76.7)
24 (28.6) 7(23.3)
49.8 (13.6) 523 (12.4)
2(2.38) 6 (20)
4(4.8) 2(6.7)
13 (15.8) 0 (0)
58 (69.1) 19 (63.3)
7(8.3) 3 (10)
72 (85.7) 20 (66.7)
12 (14.3) 8 (26.7)
0 (0) 2(6.7)
9.9 (7.4) 12.1 (8.3)
2.5 (0-6.5) 3(0-6.5)
51 (64.6) 23(79.3)
6(7.6) 4(13.8)
6(7.6) 1(3.5)
16 (20.3) 13.5)
27.6 (19.4) 27.5(19.3)
25(29.8) 7(23.3)
3.7(3.4) 3.4(2.8)
12 (14.5) 2(6.9)
482 (13.1) 45.0 (9.5)
34 (54.9) 23(79.3)

SD: standard deviation; MS: multiple sclerosis; MFIS: Modified Fatigue Impact Scale; SDMT: Symbol Digit Modalities Test; EDSS:

Expanded Disability Status Scale.

Routine (area under the curve (AUC)=0.95, R?=0.59,
p<<0.0001) (Figure 2(a)) and similarly robustly clas-
sified MFIS categories in the test set (AUC=0.93,
R?>=0.54, p=0.022) (Figure 2(b)).

Key covariates were sequentially added to the model
to evaluate their effects on the model’s outcomes and
stability, including HADS-D (depression), EDSS
(disability), and SDMT (processing speed) (Table 3).
HADS-D emerged as a significant covariate in
explaining variance (estimate=—2.34, p=0.015, 95%
confidence interval (CI)=(—4.81, —0.78); SDMT and
EDSS did not reach statistical significance as covari-
ates. Then, a stratified analysis was performed limited
to the non-depressed subsample (HADS-D < 8), and
this did not change the accuracy of the model. In fur-
ther exploratory analyses, the association between

speech features and fatigue remained similar when
restricting analyses to individuals with SDMT > 50
and separately EDSS < 4.

Discussion

Fatigue is a commonly reported “invisible” MS symp-
tom, that along with pain, depression, and cognitive
impairment, greatly affects quality of life; further-
more, it is more predictive of self-reported health dis-
tress than visible symptoms like use of assistive
devices.!® Speech, both in its acoustic and linguistic
qualities, can provide subtle markers of well-being
and can render fatigue more visible—or audible. The
current analyses demonstrate that automated speech
analysis of simple, low-burden, language tasks can
approximate  gold-standard  subjective  fatigue
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Table 2. MFIS showed modest correlations with individual speech variables associated with pitch, formants, pauses, and
measures of articulation and loudness in the three individual speech tasks.

Grandfather Passage variable R df (n—2) P

GP loudness SD —-0.25 64 0.0394
GP pause duration mean 0.33 64 0.0072
GP pause duration SD 0.30 64 0.0160
GP pitch linear regression slope 0.26 64 0.0330
GP rate loudness peaks -0.29 64 0.0186
GP utterance duration mean 0.30 64 0.0134
GP utterance duration SD 0.31 64 0.0111
Image Description variable R df (n—2) P

ID average MFCCS3 -0.29 71 0.0127
ID pitch min 0.32 71 0.0054
ID signal-to-noise ratio 0.26 71 0.0281
ID linguistic number of consecutive repetitions 0.28 71 0.0174
ID linguistic number of deictic terms 0.24 71 0.0396
Morning Routine variable R df (n—2) 2

MR average MFCCS1 —0.25 71 0.0346
MR alpha ratio mean —-0.26 71 0.0260
MR alpha ratio SD —-0.31 71 0.0074
MR Hammarberg index SD -0.23 71 0.0458
MR pause duration mean 0.30 71 0.0104
MR pause duration SD 0.32 71 0.0066
MR pitch min 0.26 71 0.0295
MR utterance duration SD 0.23 71 0.0494

Univariate regression was performed to assess Pearson’s correlations between speech task variables and Modified Fatigue Impact

Scale (MFIS) total score. SD: standard deviation.

measures. Furthermore, they suggest that automatic
speech analysis is viable as a tool to provide quantita-
tive assessments of typically invisible or subjective
patient experiences, which may facilitate better detec-
tion and subsequent targeted treatment.

Changes in both acoustic and linguistic qualities of
speech have been evaluated in other neurodegenera-
tive diseases. For example, in amyotrophic lateral
sclerosis (ALS), speech is known to be slowed, with
increased pauses and changes to voice quality, as well
as having changes in language that may reflect cogni-
tive changes.!® Similarly, higher rates of pausing and
changes in speech prosody have been described in
people with Parkinson’s disease (PD).?° In addition to
previous gold-standard methods of speech analysis,
which have typically involved speech-language
pathologists manually assessing and scoring audio
recordings, automated speech analysis of acoustic and
lexical speech changes has more recently been applied
to people with mild cognitive impairment (MCI),
Alzheimer’s disease (AD), frontotemporal dementia

(FTD), and primary progressive aphasia (PPA), par-
ticularly with regard to changes in cognitive
abilities.?!=2

Although changes to speech and language are com-
mon in MS, changes in these domains have overall not
been appreciated as a major measure of dysfunction
and have been less frequently studied, perhaps in part
because presentations of disability can be so heterog-
enous in MS.2627 Comparisons of speech between
PwMS and healthy controls have yielded consistent
differences across multiple studies. In particular,
acoustic features relating to articulation, frequency, jit-
ter, speech rate, and pauses have been consistently
shown to differentiate between PwMS of varying
degrees of severity and healthy controls.®28-39 Notably,
many of these speech features also appear to be rele-
vant to fatigue. In the current analyses, speech features
from multiple types of speech tasks were found to be
indicative of fatigue—in particular, features relating to
pauses, pitch and formants, and articulation. This intu-
itively makes sense based on these prior clinical
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(a)
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GP utterance durations mean
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(b)

MFIS|
HADS-Depression
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ID number deictic terms;
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MorningRoutine
MFIS
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MR average mfccs 1
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HADS-Depression
MR average mfccs 1
MR alpha ratio mean
MR alpha ratio SD|
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MR pause durations mean
MR pause durations SD|
MR utterance durations SD|

ID number consecutive rep

Figure 1. Speech features related to pauses, pitch, articulation, and loudness correlate with fatigue, as well as other patient-reported outcomes,
in (a) Grandfather Passage, scripted reading speech task; (b) Image Description, description task; and (¢c) Morning Routine, personal routine task.
Heat maps of Pearson’s correlations where red indicates positive correlation, and blue indicates negative correlation.

() Training (b) Test
1.00 1.00
0.90 0.90
0.80 0.80
0.70 0.70
> 2 060 > 0.60
28 2
% £ 050 % & 050
= c
32 3
F 0.40 0.40
0.30 0.30
020 AUC2 =0.95 020 AUC =0.93
R?=0.59 R2=0.54
0.10 0.10
p <0.0001 p =0.0222
0 0
0 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00 0 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
1-Specificity 1-Specificity
False Positive False Positive
[Term |Estimate pvalue Lower 95% Upper 95% Term Estimate p value Lower 95% Upper 95%
Intercept 0.13  0.9839 -13.71 13.44 Intercept 141.29 0.4507 48.85 750.94
GP acoustic loudness SD 1.62] 0.0448 -3.58 -0.21 GP acoustic loudness SD -6.06 04778 -33.75 072
GP acoustic pitch min 0.13 0.0067 0.04 0.23 GP acoustic pitch min -1.90 0.4511 -10.10 3.05
GP acoustic pitch g3 2 range 0.22  0.0025 0-10‘ 0.39 GP acoustic pitch g3 g2 range 0.10 0.7421 -0.37 1.0
GP acoustic signal to noise ratio 9240.05 0.0119 2024.22 17748.57 GP acoustic signal to noise ratio 61005.05 0.3986 6569.04 29943567
MR acoustic f1 relative energy SD -1.97  0.0040 -3.68 -0.90 MR acoustic f1 relative energy SD 0.59 0.4316 -0.41 2.80
MR acoustic pause durations mean 2599 0.0018 12.78 46.56 MR acoustic pause durations mean 8.73 0.7258 -27.98 80.52

Figure 2. Models using speech features from more than one task robustly classify fatigued versus non-fatigued people with MS in both the (a)
training and (b) test sets of participants.

observations. Similarly, another group, using the same
automated speech pipeline on a German-speaking pop-
ulation of PwMS, found speech features related to
pauses and pitch were predictive of fatigue as assessed
by the Fatigue Scale for Motor and Cognitive

Functions (FSMC) in a machine learning model using
only a free speech task.!? This cross-linguistic demon-
stration of the importance of these features in assess-
ing fatigue suggests there may be some underlying
network or speech processing that is similar across

236

journals.sagepub.com/home/ms;j


https://journals.sagepub.com/home/msj

A Nylander, N Sisodia et al.

“10119 o1enbs 93eI0AL 1001 (S VY OnsLoeIRyd Jurerodo IOAI0AI (DY 9AIND A} JOpUN BAIR ()Y 9[edS smeS Afiqesi(q papuedxy :SSAH 2S9], SONIEPOIA N8I [0qQWIAS L INAS uoissaxdoq
—o[eog uorssaido pue Aorxuy [endsoH :q-SAVH {[eAIIUI 90UdPIJUO0I :[D) A[IqezijeIdudd ssasse o3 syuedionied (4 > SSAH) A1[Iqesip dyeropowr 03 piiw pue ‘paads Suisseoord (0§ > LINAS) M0[
pue ‘(oS = LINAS) [ewIou (8 > J-SAVH) passaidop-uou jo suonendod payynens 03 parjdde sem [opow oy ], "A)[Iqe)S [OPOW SSISSE 0} [9POW 9y} 0} pappe A[[erjuonbos a1om s9JeIIBAOD) "UONBIIO [OPOW
10J PJIJ[AS AIOM SIJBLIBAOO JUBOIUSIS JSOW PUE ‘UOIIO[S 2INJdJ J0J pojuswo[duur Sem UONEPI[BA-SSOIO JNO-JU0-0ALI] YIM UO0ISsaISar (10jerodo uorosjes pue oSexuLIys AN[osqe ISed]) 0SSV 1

6L9 0T 1 86570 L80°T v =S8sdd

10— p86— 6L60°0 1€°C— g = uorssarde(q-SAVH

$8°0 ‘CO’L— 8697°0 Y0 T Iopuan

8T°0 ‘T0'0— 6921°0 110 a8y
9961°0 LI€00 €9/01  10000>  ¥L°0 66°0 SQIMEdJ Yo2ads [9poN 0

(0§ >.1Nas)

9€0€°0 €910 1¥/9  10000> 850 ¥6°0 paads Suissaso.d mo] :uo paifip.ug

(0s =1Nas)

€881°0 S0°0 0v/9  1000°0> 18°0 660 paads Su1ssa00.4d [puLiou :uo payvaig
mohdmo.w &oougm 3@02 6

11°0°19°C— LYLS0 v0°0— LINAS
STLTO 0201°0 6¥/L  10000> 090 S6°0 QUMY Yooads [OPON 8

9697°0 €760°0 €5/9  10000>  SS0 v6'0  (#>SSAH) SSAH 21v12poul-pipy :uo payin.jg
mvh.zmum ﬂouomm —DGOE B

LYY LL O~ 9681°0 oLl v=Ssad
€ILTO 05210 v9/L  10000> 190 S6°0 SoInjedy yooads PpoN 9

86¥C°0 €LTI0 $S/9  10000> 790 L6°0 (8 > a-SAVH) passaidop-uou :uo paifiin.ug
saInjesj ﬂoooﬂm [9POIN ¢

8L°0— ‘18'¥— €510°0 YT ON—8 = uorssardd(q-SAVH
YPET0 [8L0°0 v9/L  10000>  TLO L6°0 SQIMEd [02ads [OPON ¥

ve0LEE— 9L£1°0 9¢[— Jopusn
€L9T°0 LLOT0 S9/L  10000>  T90 96°0 $2INJBdy Yooads [SPON ¢

81°0 ‘10°0— 6C11°0 L00 a8y
8LST°0 €260°0 S9/L  10000> €970 96°0 $qINyedy Yooads [PpoN T

L96T°0 0021°0 ST/9  TTTO0 ¥S°0 €60 108 1893—8UN}BJ [[033dS [OPOIN
¥18C°0 LLOTO $9/9  10000> 650 S6°0 108 Sururen—somyeay yooads [PPON |

QJeI 20U
1D %S6  dispuwered Slpwnsy  HSVY  UONEROLISSEOSIA u/dd  d[epoN A -0NvV

‘syudned pangnej-uou snsioa pandney AJIsserd A13snqol yse) snodurjuods pue 29ads padios B woly sormjeay 1oads pajod[os *¢ dqeL

237

journals.sagepub.com/home/msj


https://journals.sagepub.com/home/msj

Multiple Sclerosis Journal 31(2)

language differences. This automated speech analysis
pipeline may be scalable to other metrics and disease
conditions as it has previously been validated in
healthy controls and patients with PD, PSP, and ALS.!3
This work demonstrates that automated speech analy-
sis is capable of identifying the acoustic speech fea-
tures clinically relevant to fatigue in PwMS. However,
given that only 30% of participants had MFIS scores
in the “fatigued” range, which is lower than has been
generally previously reported, this may limit the gen-
eralizability of the results. As patients with progres-
sive disease and high EDSS typically report higher
fatigue levels, this more relapsing low-disability popu-
lation may not be fully representative.

Depression and fatigue are often highly correlated in
PwMS. Consequently, depression may confound the
assessment of fatigue, complicating the interpretation
of fatigue levels.'*3! Notably, while depression was
found to be significant covariate in this model, the
model retained predictive validity in a stratified non-
depressed subset. This suggests that, while depression
contributes significantly to the speech features related
to fatigue, the model remains stable and generalizable
to non-depressed populations, supporting the notion
of central fatigue distinct from depression in PwMS.

There may also be differences in the number and types
of words PwMS use with regard to personal conversa-
tional narratives, and objective naming impairment is
known to be common in PWMS and tip-of-the-tongue
phenomena.’3233 In addition, PWMS with cognitive
impairment are noted to have changes in speech and
articulation rate, as well as increased frequency and
length of pauses.’%-** Three different speech tasks were
used in this study: reading a scripted passage, describ-
ing a novel image, and generating a personal narra-
tive—each likely utilizing different brain networks.
These varied tasks likely challenged particular speech
networks that are more impaired for PwMS.
Interestingly, using features from two speech tasks
improved the model performance, suggesting that que-
rying speech by engaging multiple types of networks
involved in language can increase sensitivity to detect-
ing subtle changes related to fatigue. In this study, cog-
nition as assessed by SDMT was not a significant
covariate in the model. SDMT is a measure of process-
ing speed that is generally accepted as a measure of
cognitive performance in PWMS, but may not be sensi-
tive to language-specific cognitive deficits—future
work should investigate the interaction between these
deficits and speech features in assessment of fatigue.

Changes in speech features have also been found to
correlate with disability in other functional domains

(particularly cerebellar dysfunction) and with quality
of life measures in PwMS.7353¢ While EDSS levels
did not influence the associations identified in these
analyses, including cerebellar and brainstem sub-
scores would be more sensitive in excluding the effect
of dysarthria from the assessment of fatigue.

In future work, speech tasks and automated speech
analysis could potentially be used as an objective
output in assessing fatigability, that is, objectively
demonstrated deterioration of physical or cogni-
tive function with activity, in addition to fatigue (a
subjective feeling of lack of energy).3” For instance,
some speech tasks generate a higher cognitive
load, leading to more strain on an individual’s pro-
cessing capacities, particularly for an already-
fatigued patient. Thus, some speech tasks may be
more sensitive to detecting fatigability. For exam-
ple, dual-task performance has been shown to be
sensitive to MS-related fatigue in some studies and
is diminished in PWMS who have cognitive impair-
ment.3$3% It has previously been suggested that
speech tasks and the degree of the cognitive load
have a greater effect on MS patients than on
healthy controls.#0 It is not known which speech
tasks might prove most fatiguing or challenging to
PwMS—prior work suggests that reading may
have a reduced cognitive load compared with
spontaneous speech, but it is not clear if this holds
true in all PWMS, particularly those with cognitive
impairment, and further research into this question
is warranted.30:41

The current work substantially advances ongoing
efforts to identify and promote objective measures of
fatigue through three innovations. First, we used auto-
matic speech detection and analysis tools that improve
scalability and reproducibility. This is in contrast to
traditional surveys, which typically require a trained
administrator and scorer to improve the accuracy and
reliability of responses, even if they can be self-
administered. Second, the speech tasks, including
spontaneous speech tasks (as opposed to only scripted
reading tasks or repetitions of vowel sounds), increase
the ecological validity by more closely resembling
“real life” speech performance—and are brief and
low-burden to patients, potentially increasing the
likelihood of their participation and engagement.
Finally, having an objective measure of subjective
symptoms will help to reduce bias and improve repro-
ducibility across research studies seeking to reduce
fatigue. The era of precision medicine and telehealth
medicine necessitates that we have sensitive tools to
track individual outcomes important to patients: novel
tools and metrics such as those afforded by automated
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speech analysis will increase opportunities to assess
patient well-being simply, digitally, and remotely.

Limitations

Limitations to this study include that it was per-
formed at a single site, a quaternary referral center,
albeit one with significant geographic, economic, and
racial/ethnic diversity. Indeed, overall the population
had relatively low disability and low fatigue and thus
may not be generalizable to all PwWMS. In addition,
the order of the speech tasks was not counterbalanced,
and therefore, it is possible that fatigability could
have increased over the course of the tasks. While
EDSS levels were analyzed in the model, brainstem/
cerebellar subscores were not available to be specifi-
cally interrogated. Finally, this data set is cross-sec-
tional, and further longitudinal work will be necessary
to determine whether speech performance is stable
over time, how to determine clinically meaningful
differences in speech features, and demonstrate a
more direct relationship between these features and
changes in fatigue.

Conclusion

Fatigue is a commonly reported “invisible” MS symp-
tom that may be assessed using simple, low-burden,
language tasks that correlate with gold-standard sub-
jective fatigue measures. Automated speech analysis
has real-world applicability to provide quantitative
assessments of typically invisible or subjective
patient-reported experiences.
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