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Abstract

In medicine, retrospective cohort studies are used to compare treatments to one

another. We hypothesize that the outcomes of retrospective comparative effec-

tiveness research studies can be heavily influenced by biostatistical analytic

choices, thereby leading to inconsistent conclusions. We selected a clinical sce-

nario currently under investigation: survival in metastatic prostate, breast or lung

cancer after systemic vs systemic + definitive local therapy. We ran >300 000

regression models (each representing a publishable study). Each model had vari-

ous forms of analytic choices (to account for bias): propensity score matching,

left truncation adjustment, landmark analysis and covariate combinations. There

were 72 549 lung, 14 904 prostate and 13 857 breast cancer patients included.

In the most basic analysis, which omitted propensity score matching, left trunca-

tion adjustment and landmark analysis, all of the HRs were <1 (generally,

0.60-0.95, favoring addition of local therapy), with all P-values <.001. Left trun-

cation adjustment landmark analysis produced results with nonsignificant

P-values. The combination of propensity score matching, left truncation adjust-

ment, landmark analysis and covariate combinations generally produced P-values

that were >.05 and/or HRs that were >1 (favoring systemic therapy alone). The

use of more statistical methods to reduce the selection bias caused reported HR

ranges to approach 1.0. By varying analytic choices in comparative effectiveness

research, we generated contrary outcomes. Our results suggest that some retro-

spective observational studies may find a treatment improves outcomes for

patients, while another similar study may find it does not, simply based on ana-

lytical choices.

K E YWORD S

cohort studies, comparative effectiveness research, propensity score, retrospective,
selection bias

What's new?

While randomized controlled trials and retrospective observational studies are standard

approaches in comparative effectiveness research, discordance may exist when the two

approaches are applied to the same study question. Here, the authors varied analytical choices

Abbreviations: CI, confidence interval; HR, hazard ratio; NCDB, National Cancer Database.
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for three clinical effectiveness research scenarios to evaluate impacts on conclusions regarding

survival in metastatic prostate, breast or lung cancer following local therapy. Analyses show that

variations in analytical approach significantly affect hazard ratio, with potential for hundred log-

fold differences in P values. The tendency toward bias in comparative effectiveness research

may be mitigated through requirements for prespecified analytic plans and protocols in journal

publications.

1 | INTRODUCTION

Comparative effectiveness research evaluates the efficacy of one

treatment relative to another, treatment A vs treatment B. In medi-

cine, the gold standard for comparative effectiveness research is a

randomized controlled trial.1-3 However, randomized controlled trials

are not always possible, and investigators often use retrospective

observational cohort studies to answer comparative effectiveness

questions.

There is disagreement between the results of randomized con-

trolled trials and observational studies on the same question. For

example, Soni et al4 found no significant correlation between the haz-

ard ratio (HR) estimates reported by observational studies and ran-

domized trials (concordance correlation coefficient, 0.083; 95%

confidence interval [CI], 20.068-0.230). In another study, Kumar et al5

collected 141 randomized controlled trials in national cancer treat-

ment guidelines and performed their own observational studies, with

patient cohorts that match randomized controlled trial study

populations. Propensity-weighted HRs for overall survival fell outside

the 95% CIs of their randomized trial counterparts 36% of the time

(with 64% falling within).

The purpose of the present work was to evaluate whether

conclusions reached by comparative effectiveness research with

respect to efficacy of a given treatment could be modified by

varying the biostatistical methods employed, such as inclusion

and exclusion criteria of study population, combinations of

covariates in adjusted analyses, selection bias in the study popula-

tion and immortal time bias.6,7 We hypothesized that the conclu-

sions of retrospective comparative effectiveness research were

sensitive to these analytic choices, based on prior work in other

fields.6,8

To test our hypothesis, we selected three clinical comparative

effectiveness research scenarios in oncology, all related to the idea

of local control (ie, treatment of the original primary tumor with sur-

gery and/or radiotherapy) in the setting of metastatic cancer of

prostate, female breast and lung. These clinical scenarios were

selected because the backbone of therapy for metastatic cancer is

systemic therapy (eg, chemotherapy, hormones), and treatment of

the initial primary tumor has generally not been recommended.9

While several prospective studies have generally failed to show a

benefit to the addition of local therapy,10,11 retrospective studies

have sometimes shown dramatic improvements in survival when

local therapy is added to systemic treatments for patients with met-

astatic cancer.12,13

2 | METHODS

We used the National Cancer Database (NCDB), a hospital-based cancer

registry that collects data from American College of Surgeons-

Commission on Cancer accredited facilities. The database is sponsored by

the American College of Surgeons and the American Cancer Society and

is recognized as the largest cancer registry worldwide, with over 34 million

patients. It includes 70% of all malignant cancers diagnosed in the

United States.14 The NCDB records patient demographics, comorbidities,

tumor characteristics and overall survival and contains information regard-

ing therapies delivered during the first course of treatment, including sur-

gery, radiation therapy, immunotherapy and chemotherapy.15

We included all patients with metastatic breast, prostate or lung

cancer. In the systemic therapy group of each disease site, patients

received hormone therapy (for prostate cancer), endocrine therapy (for

breast cancer) or chemotherapy (for any of the three of the cancers). In

the prostate cancer local therapy group, patients additionally received a

prostatectomy or high dose radiotherapy to the prostate gland. In the

female breast cancer local therapy group, women additionally received

mastectomy. In the lung cancer local therapy group, patients addition-

ally received high dose radiotherapy or lobectomy. Details of selection

criteria are shown in Supporting Information File S1.

To modify biostatistical methods, we compared methods that can be

divided into three categories, including (a) without propensity score

matching vs with propensity score matching; (b) with and without propen-

sity score matching, plus or minus incorporation of left-truncation only;

(c) with and without propensity score matching, plus or minus incorporat-

ing landmark time points (1-, 6-, 12- and 24-month). To adjust for selec-

tion bias16-18 in selecting study population into the systemic and local

therapy group and systemic therapy only group, we apply propensity

score matching approaches to mimic the randomized clinical trials.16-18 A

detailed summary of covariates is provided in Supporting Information File

S2. We estimate the propensity score, that is, the probability of receiving

the systemic and local therapy, with a logistic regression model adjusting

for all available covariates related to treatment assignment and the sur-

vival outcome. We include all the covariates for the Cox regression.

In the analysis of treatment (ie, systemic + local vs systemic ther-

apy) effect on all-cause survival, we utilized two approaches to

address this immortal time bias (illustrated in Supporting Information

File S3).7,19-21 In the first approach, we define left truncation time as

time to treatment that is time from diagnosis to systemic therapy or

local therapy, whichever happened first and apply the counting pro-

cess style input in R.20 In the second approach, we use the “landmark

method” to adjust for immortal time bias.21 Given some prespecified

1934 ZAORSKY ET AL.
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time point (ie, 1-, 6-, 12- and 24-month), labeled as “landmark,” this

method includes patients with time from diagnosis to treatment

within the landmark and survived that time point into data analysis.

With this method, the conditional survival of the two treatment arms

is comparable. Finally, since different covariate combinations may be

used in retrospective studies, we quantify the variability of results

obtained from these models, called “vibration of effects” using vol-

cano plots,6 with the �log10(P-value) plotted vs the obtained HR.

3 | RESULTS

There were 101 310 patients included in the analysis. Among these,

72 549 had metastatic lung cancer, 14 904 had metastatic prostate

cancer and 13 857 had metastatic breast cancer. In the lung cancer

group, 61 831 patients received systemic therapy and 10 718

received systemic + local therapy; for prostate cancer, 11 737

received systemic while 3167 received systemic + local therapy; for

TABLE 1 Characteristics of patients with metastatic disease treated with systemic vs systemic and local therapy

Prostate Lung Breast

Systemic Systemic and local Systemic Systemic and local Systemic Systemic and local

n 11 737 3167 61 831 10 718 9968 3889

Race (%)

Black 2251 (19.2) 510 (16.1) 7360 (11.9) 1310 (12.2) 2049 (20.6) 721 (18.5)

White 9103 (77.6) 2543 (80.3) 51 894 (83.9) 9069 (84.6) 7486 (75.1) 3011 (77.4)

Other 383 (3.3) 114 (3.6) 2577 (4.2) 339 (3.2) 433 (4.3) 157 (4.0)

T stage (%)

0/X 3676 (31.3) 457 (14.4) 10 040 (16.2) 852 (7.9) 1598 (16.0) 324 (8.3)

1 2823 (24.1) 966 (30.5) 8438 (13.6) 1136 (10.6) 1167 (11.7) 508 (13.1)

2 2661 (22.7) 632 (20.0) 15 933 (25.8) 2648 (24.7) 2327 (23.3) 1207 (31.0)

3 1233 (10.5) 439 (13.9) 10 558 (17.1) 2449 (22.8) 1399 (14.0) 643 (16.5)

4 1344 (11.5) 673 (21.3) 16 862 (27.3) 3633 (33.9) 3477 (34.9) 1207 (31.0)

Sex (%)

Male 11 737 (100.0) 3167 (100.0) 33 030 (53.4) 6019 (56.2) 0 (0) 0 (0)

Female 0 (0) 0 (0) 28 801 (46.6) 4699 (43.8) 9968 (100.0) 3889 (100.0)

Insurance status (%)

No ins. 675 (5.8) 170 (5.4) 2550 (4.1) 504 (4.7) 749 (7.5) 182 (4.7)

Private ins./managed care 2963 (25.2) 863 (27.2) 19 904 (32.2) 3765 (35.1) 4467 (44.8) 1932 (49.7)

Medicaid 833 (7.1) 209 (6.6) 4722 (7.6) 981 (9.2) 1601 (16.1) 592 (15.2)

Medicare 7158 (61.0) 1888 (59.6) 33 932 (54.9) 5292 (49.4) 3068 (30.8) 1148 (29.5)

Other gov. ins. 108 (0.9) 37 (1.2) 723 (1.2) 176 (1.6) 83 (0.8) 35 (0.9)

Adults in patient's zip code without high school diploma (%)

21% or more 2209 (18.8) 600 (18.9) 10 447 (16.9) 1975 (18.4) 1936 (19.4) 772 (19.9)

13.0%-0.9% 3020 (25.7) 839 (26.5) 16 779 (27.1) 3123 (29.1) 2686 (26.9) 1070 (27.5)

7.0%-12.9% 3771 (32.1) 1001 (31.6) 20 974 (33.9) 3493 (32.6) 3133 (31.4) 1224 (31.5)

Less than 7.0% 2737 (23.3) 727 (23.0) 13 631 (22.0) 2127 (19.8) 2213 (22.2) 823 (21.2)

Average household income in patient's zip code (%)

Less than $38 000 2340 (19.9) 617 (19.5) 11 563 (18.7) 2266 (21.1) 2013 (20.2) 805 (20.7)

$38 000-$47 999 2844 (24.2) 723 (22.8) 15 206 (24.6) 2791 (26.0) 2323 (23.3) 928 (23.9)

$48 000-$62 999 3139 (26.7) 891 (28.1) 16 953 (27.4) 2913 (27.2) 2596 (26.0) 1026 (26.4)

$63 000 or more 3414 (29.1) 936 (29.6) 18 109 (29.3) 2748 (25.6) 3036 (30.5) 1130 (29.1)

Comorbidity with Charlson Deyo score (%)

0 8867 (75.5) 2433 (76.8) 40 301 (65.2) 6660 (62.1) 8249 (82.8) 3208 (82.5)

1 1892 (16.1) 536 (16.9) 15 271 (24.7) 2952 (27.5) 1319 (13.2) 561 (14.4)

2 648 (5.5) 150 (4.7) 4621 (7.5) 834 (7.8) 268 (2.7) 76 (2.0)

3+ 330 (2.8) 48 (1.5) 1638 (2.6) 272 (2.5) 132 (1.3) 44 (1.1)

Urban vs rural environment (%)

Urban 9804 (83.5) 2644 (83.5) 51 229 (82.9) 8620 (80.4) 8655 (86.8) 3284 (84.4)

ZAORSKY ET AL. 1935
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breast cancer, 9968 received systemic and 3889 received systemic +

local therapy. Table 1 shows patient characteristics. Patients in the sys-

temic + local therapy group were more likely to be white, have private

insurance, have N0 disease, come from a location with a more educated

and more wealthy population and have fewer comorbidities.

Table 2 shows summaries of the HR ranges with the different bio-

statistical methods, using >300 000 regression models (each model

representing a publishable study). In the most basic analysis, without

propensity score matching (top panels), left truncation adjustment or

landmark analysis, with combinations of covariates, all of the HRs

were <1 (generally, 0.60-0.95, favoring addition of local therapy), with

all P-values <.001. The use of a left truncation adjustment had minimal

impact on the reported HRs for female breast and lung cancer, but

made the HRs not statistically significant for prostate cancer. The

addition of landmark analysis similarly had a greater effect on the

reported HRs for prostate cancer, but less so for female breast and

lung cancer. For all three cancers, the use of more statistical methods

to reduce the selection bias caused reported HR ranges to

approach 1.0.

With propensity score matching (Table 2, lower panels), but with-

out landmark analysis or left truncation adjustment, all HRs were <1

and P-values were <.001 for lung and breast cancer, but not for prostate

cancer. The addition of left truncation adjustment produced HRs >1.

The combination of propensity score matching, left truncation

TABLE 3 Summary of errors and correction methods in the current work

Type of error Description

Correctional method used in our

study Tables/figures in our study Overall effect

Selection bias16-18 Occurs when the baseline

characteristics of patients

who received systemic and

local therapy differ from

patients who received

systemic therapy alone

• We applied propensity score

matching approaches with the

goal of simulating a randomized

clinical trial by balancing the

baseline characteristics of these

two patient cohorts in balancing

the distributions of the

covariates between the two

groups of patients to reduce the

selection bias

• Table 2 displays P-values

and hazard ratio (HR)

range with and without

propensity score

matching.

• Figure 2 displays volcano

plots with and without

propensity score

matching.

Propensity score

matching balanced

the two treatment

groups and brought

HRs closer to 1.

Immortal time

bias7,19-21
Occurs when patients are at

zero risk of death from

time of diagnosis to time

of treatment

• We define time to treatment as

time from diagnosis to systemic

or local therapy, whichever

occurred first, regard time to

treatment as left truncation time,

and apply counting process style

input

• We utilized the “landmark

method” to adjust for immortal

time bias by only including

patients who survived after some

fixed time point, labeled as

“landmark”, into the data analysis

• Table 2 displays P-values

and HR range with and

without left truncation

and landmark analysis.

• Figure 2 displays volcano

plots with and without

left truncation and

landmark analysis.

• Table S3 provides a

schematic representation

of left truncation and

landmark analysis.

Immortal time bias

adjustment brought

HRs closer to 1.

“Vibration of effects”
due to covariate

combination bias6

Occurs when unique sets of

covariates leads to

different results on

multivariable analysis.

Different researchers may

select different covariates

at their discretion; thus,

the overall effects may

vary.

• We conduct over 300 000

covariate combinations (all

combination sets with the

number of
Pp
i¼1

p

i

� �
given p

covariates) and plot the resulting

vibrations of effects by

comparing the HR and P-value

each one produce.

• Figure 1 displays patients

excluded from study due

to missing covariates.

• Figure 2 uses volcano

plots to display P-value vs

hazard ratio, resulting

from all combinations.

Each dot on a volcano

plot represents a different

study with a unique

covariate combination.

For example, one dot may

control for race and age,

and another dot may only

control for race.

• Table S2 lists the

covariates used in this

article, along with their

original variable name in

the database.

Covariate combination

adjustment produced

hazard ratios on both

sides of 1, or

equaling 1. With

additional selection

bias adjustment and

immortal time bias

adjustment, the

survival impact of an

intervention could

be magnified or

nullified.
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F IGURE 1 Patient selection flow diagram. We included patients with metastatic prostate, breast and lung cancer. Within each cohort of
patients, two groups were created: one that received systemic therapy alone, and one that received systemic therapy + local therapy (typically
surgery and/or radiotherapy). Detailed selection criteria are presented in the Supporting Information File S1
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F IGURE 2 Volcano plots of the �log(P-value) vs hazard ratio (HR). These plots show variability of effect sizes by modifying biostatistical
methods. Each point on the subplots represents a publishable comparative effectiveness study that evaluates addition of local therapy to
systemic therapy for metastatic cancer. There are over 300 000 studies plotted. HRs and �log10(P-value) obtained from different combinations
of adjustments are used to visualize the vibrations of effects with volcano plots.6 HRs <1 suggest benefit with systemic + local therapy and HRs
>1 suggest benefit with systemic therapy alone. The bold black horizontal line represents significance of P-value = .05, and points plotted above
this line have a P-value <.05. Red circles with a specified number k highlight the median HR and P-value in the models with a specified number of
adjustment variables (k). The dotted lines depict the 1st, median and 99th percentile of the X and Y axes, respectively. In the upper left notes of
each subplot, we also compute the summary statistics, including the relative hazard ratio (RHR, calculated as 99% quantile of HR/1% quantile of
HR) and relative P-value (RPvalue, calculated as 1% quantile of [�log10(P-value)] � 99% quantile of [�log10(P-value)]). For simplicity, in the
landmark analysis, only the data from the 1-month landmark are presented; other landmark analyses were performed, yielding results shown in
Table 2. In summary, we generated contrary outcomes, with HRs on both sides of 1, and 100 log-fold differences in P-values. Our results suggest
that some retrospective observational studies may find a treatment helps, and another may find it does not, simply based on analytic choices
[Color figure can be viewed at wileyonlinelibrary.com]
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adjustment, landmark analysis and covariate combinations generally

produced P-values that were no longer significant at the .001 threshold

and sometimes the .05 threshold. Further details about patients and the

impact of biostatistical adjustment on the HRs are in Supporting Infor-

mation File S2. In summary, by modifying biostatistical techniques, we

were able to generate contrary outcomes in HRs and 100-fold differ-

ences in �log10(P-values). Details of statistical analysis combinations

are presented in Supporting Information File S4.

Table 3 provides a summary of the principal sources of error/bias

that are present in retrospective comparative effectiveness studies,

the correctional methods used in our work, the related tables and fig-

ures and the overall effect of these corrections. In summary, there

were three sources of bias that we attempted to mitigate: selection

bias,16-18 Immortal time bias7,19-21 and “vibration of effects” due to

covariate combination bias.6 When adjusting for selection bias and

immortal time bias, we found that the HRs were brought closer to

1. Covariate combinations produced HRs on both sides of 1, or equal-

ing 1. In summary, by modifying biostatistical techniques, we were

able to generate contrary outcomes in HRs and 100-fold differences

in �log10(P-values).

4 | DISCUSSION

Prior works have shown discordance between randomized controlled

trials and observational studies. Our results show why this discordance

exists. We used an example of treatment of the primary tumor in the

setting of metastatic disease in three cancer sites to demonstrate that,

by modifying parts of the biostatistical model, the resulting HR could

favor either arm, or show equivalence between two treatment para-

digms, and have 100 log-fold differences in P-values. Our analysis sug-

gests that conclusions drawn from observational studies are highly

sensitive to the choice of analytic approach. The more advanced/

appropriate the statistical adjustment techniques are (as long as there is

not a certain level of adjustable indication bias), the more one will favor

the null hypothesis. When a controversial topic is being studied by mul-

tiple independent investigators, each pursuing different analytic plans, a

variety of outcomes may be reached. These data support a call for

authors to supply “a priori” analytic plans/protocols, and for journals/

reviewers to demand these protocols and preferably prespecified sensi-

tivity analyses as appropriate to determine robustness of results.

Comparative effectiveness research is a core component of eval-

uating competing treatment options in medicine. In the 1900s, the

advent of randomized controlled trials created the “gold standard” for
comparative effectiveness research.2,3 Randomized trials have several

benefits over retrospective studies. For example, combinations of

covariates used in different retrospective studies attempting to

address the same question result in variability in reported estimates

and effect sizes; this phenomenon has been shown in dietary inter-

vention studies, and the current work is the first to show it in treat-

ment interventions in oncology.6 Additionally, retrospective studies

have been faulted for immortal time bias,7 wherein a cohort of

patients receiving a more aggressive treatment (eg, surgery +

radiotherapy vs surgery alone) is guaranteed to be alive longer than

the comparison group because it must live long enough to receive the

additional treatment.

The variability seen in our study would likely only increase with

the addition of other factors. Since ours is an observational study, we

are unable to evaluate unknown confounders on outcomes, which is

one benefit of randomization.22,23 Other covariates could be included

in our vibration of effects permutations (eg, particular comorbidities,

performance status, chemotherapy doses). This analysis uses data

from cancer patients in the United States alone, and future studies

may probe the stability of conclusions in other datasets.

We performed this analysis for specific disease sites in oncology,

and our results may not apply to other comparative effectiveness

research questions (eg, surgery vs radiotherapy; drug A vs drug B).

However, we chose the disease sites and scenarios for several rea-

sons. (a) Prostate, breast and lung cancer are common in developed

countries24; thus, the results would be generalizable. (b) Metastatic

prostate and breast cancer are relatively indolent while lung cancer is

more aggressive; since we saw signal of biostatistical uncertainty in all

three, we do not believe that lethality of disease would justify using

retrospective data for comparative effectiveness research. (c) Limited

prospective studies on the value of local control have been published

for these cancers. For example, a 2015 randomized trial showed local

control to have no impact on survival in breast cancer,10 but a retrospec-

tive analysis and meta-analysis published in 2020 showed the oppo-

site.25,26 Similarly, for prostate cancer, a 2016 retrospective database

analysis using propensity score matching showed HR of 0.62 with local

radiotherapy.12 From 2017 to 2019, several randomized trials of men

with metastatic prostate showed limited benefit of local control.11,27 For

lung cancer, prospective data are sparse, and we suspect that upcoming

randomized trials will show minimal impact of local control.

Although retrospective data may not be ideal for comparative

effectiveness research, they are ideal at showing “real world” out-

comes after treatment, studying epidemiology and evaluating qual-

ity of care. Retrospective data may also be hypothesis-generating

for prospective studies, particularly if they show a large effect size.

Some comparative effectiveness research articles can still be very

useful if robustly designed/analyzed, even if not aligning perfectly

with randomized trial data (given that the populations may be

quite different). In addition, one national database (eg, the NCDB)

does not represent all observational databases and the conclusions

are still quite extreme and potentially biased to fit a narrative that

observational comparative effectiveness research is irredeemably

biased and manipulated. Thus, there retrospective and prospective

analyses are complementary.

5 | CONCLUSION

Our analysis suggests that conclusions drawn from observational

studies are highly sensitive to the choice of analytic approach. When

a controversial topic is being studied by multiple independent investi-

gators, each pursuing different analytic plans, a variety of outcomes
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may be reached. In order to mitigate this tendency toward bias in

comparative effectiveness research, journals should demand

prespecified analytic plans and protocols from authors as needed to

determine the robustness of results.
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