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Abstract

In multi-analyst studies, several analysts use the same data to independently investigate identical research questions.
Multi-analyst studies have been conducted mainly in psychology, social sciences, and neuroscience, but rarely in epide-
miology. Sixteen analyst groups (24 researchers) with backgrounds mainly in statistics, mathematics, and epidemiology
were asked to independently perform an analysis on the influence of marital status (never married versus cohabiting
married) on cardiovascular outcomes. They were asked to use data from the Survey of Health, Ageing and Retirement
in Europe (SHARE), a panel study of 140,000 persons aged 50 years and above from 28 European countries and Israel,
and to provide an effect estimate, a comment on their results, and the full syntax of their analyses. In additional analyses
beyond the multi-analyst approach, one group selected an exemplary regression model and varied definitions of expo-
sure and outcome and the confounder adjustment set. Each analysis was unique. The size of the 16 datasets used for the
analyses ranged from 15,592 to 336,914 observations. The effect estimates (odds ratios, hazard ratios, or relative risks)
ranged from 0.72 to 1.02 (reference: cohabiting married) in strictly or partly cross-sectional analyses and from 0.95 to
1.31 in strictly longitudinal analyses. The choice of regression models, adjustment sets for confounding, and variations
in the precise definition of exposure and outcome, all had only small effects on the effect estimates. The range of results
was mainly due to differences from cross-sectional versus longitudinal analyses rather than to single analytical decisions
each of which had less influence.

Keywords Multi-analyst study - Multiverse analysis -+ Many analysts - Arbitrary choices - Researcher degrees of
freedom

Introduction

In epidemiology, results for the same research question
often vary widely for several reasons: Populations may dif-
fer in mean and distribution of individuals’ characteristics.
Study samples are subject to sampling error. Measurements
of variables vary. Also, even for the same research ques-
tion and identical data, researchers have a wide range of
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analytical choices [1]. Hoffmann et al. distinguish between
sampling uncertainty, measurement uncertainty and the
multiplicity of possible analysis strategies [1]. To date,
the latter point of view has not received much attention in
epidemiology.

Various terms have been coined for strategies to address
heterogeneity in analysis strategies such as “vibration of
effects”, “multiverse analysis”, and “specification curve
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analysis” [2—4]. Vibration of effects refers to the varia-
tion in effect estimates when multiple analytical model-
ling approaches are applied [2]. In multiverse analyses, a
large set of processed data sets (“a data multiverse”) is con-
structed from given raw data rather than constructing a sin-
gle processed data set [3]. Similarly, a “model multiverse”
can be constructed that includes all justifiable statistical
models [3]. Specification curve analysis is a sophisticated
procedure in which the dispersion of the estimated effect
sizes is graphically represented across a large number of
analytical choices [4]. Other terms are “non-standard error”
in the evidence generating process as opposed to the stan-
dard error in the data generating process, and “researcher
degrees of freedom” [5, 6]. The latter are legitimate micro-
decisions and are usually not clear and definite errors.
Researcher degrees of freedom are distinct from p-hacking
which means deliberately making analytical choices which
lead to statistically significant results. P-hacking and search-
ing for desired results can be avoided by preregistration of
studies, by recording the analysis strategy in an analysis
protocol before receiving the data, and — in randomized tri-
als — by hiding the assignment of study participants from the
researchers who analyze the data. However, preregistration
does not prevent results from depending on subjective, but
defensible strategies of analysis [7].

So far, many multi-analyst studies have been carried out
in neurosciences, psychology, social sciences, and econom-
ics [5, 6, 8—17]. Multi-analyst studies have often produced
a wide range of results, frequently including a change in
the direction of the central result. A multi-analyst study,
which was probably the first and which attracted a lot of
attention, involved 29 groups of analysts and investigated
whether referees give red cards more often to footballers
with dark skin; the odds ratios ranged from 0.89 to 2.93
[11]. In an econometric study, seven researchers were given
two research questions [6]. The results for the first ques-
tion, on compulsory schooling and teenage pregnancy, var-
ied widely, whereas the results for the second question, on
health insurance and entrepreneurship, were much more
consistent. Thus, in multi-analyst studies in the literature,
large variations in results have been observed, but there are
also exceptions to the rule.

In the meantime, guidelines for multi-analyst stud-
ies have been published [18]. Wagenmakers et al. recom-
mend further multi-analyst studies to test the proposition
that researcher degrees of freedom produce a wide range
of results [19]. We conducted a multi-analyst epidemiologi-
cal study using data from the Survey of Health, Ageing and
Retirement in Europe (SHARE), a large European social
science panel study [20, 21]. The main interest and the ratio-
nale of our study was to examine how researcher degrees of
freedom affect estimates in epidemiology. In addition to the
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multi-analyst study, one team used an example dataset to
look at how specific changes in the analysis affect the effect
estimates when everything else is held constant. These spe-
cific changes included comparing cross-sectional and lon-
gitudinal analyses, varying the definition of exposures and
outcomes, and adjusting for confounders.

Methods

The first author and a co-worker from the Institute of Medi-
cal Informatics, Biometry and Epidemiology at the Univer-
sity Hospital in Essen contacted 28 researchers who held
professorships in biometry, epidemiology, or public health
(25 from Germany, 1 from Switzerland, 1 from Austria, 1
from Denmark) and invited them to participate in the multi-
analysist study themselves or to nominate researchers from
their staff. We informed them about the rationale of the
study, the research question, and the data source. They were
offered co-authorship of a subsequent publication of the
study results and a payment of €3,000 for a full, well-doc-
umented analysis. Fifteen addressees agreed to participate,
and 14 eventually took part in the study. Two further analy-
ses were done independently by researchers of the Institute
for Medical Informatics, Biometry and Epidemiology at the
University Hospital in Essen (Germany). Thus, the study is
based on analyses from 16 groups.

All analysts worked on the same research question: “Does
marital status influence the incidence of cardiovascular dis-
ease (CVD)? Compare people who have never been mar-
ried with married people who live with their partner”. The
composite outcome was defined as “heart attack including
myocardial infarction or coronary thrombosis or any other
heart problem including congestive heart failure” or “stroke
or cerebral vascular disease”. This question was intended to
clearly specify exposure and outcome and to look for causal-
ity indicated by the verb “influence”. The word “incidence”
suggested a longitudinal analysis. Analysts were expected
to provide an effect estimate with 95% confidence interval
(CI), a brief comment on their result, and the full syntax of
their analysis. In addition to the main result, analysts were
free to present results of further sensitivity analyses. Any
statistical software could be used.

To answer the research question, all analysts were asked
to use data from SHARE [20, 21]. SHARE data are freely
available after registration, and they are documented in detail
on the website of the study. To date, more than 4,000 pub-
lications have been published using SHARE data. SHARE
was conducted to obtain data on health, social networks, and
socioeconomic status of older people in 28 European coun-
tries and Israel. It is a panel study that started in 2004 and
is harmonized between the bi-annual follow-up waves. To
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compensate for dropouts, new participants were recruited
to the panel in waves 2, 4, 5, 6, and 7. The SHARE study
was approved by the Ethics Committee of the University of
Mannheim and the Ethics Council of the Max Planck Soci-
ety. As wave 8 was not yet fully validated when the project
started, analysts were asked to use only data from waves 1
to 7 of the survey, which were collected between 2004 and
2017. Wave 3 was not considered because it only contains
data from childhood and adolescence. Where possible, all
countries should be included in the analyses.

We created a forest plot showing the effect estimates
with 95% CI for all 16 main analyses. Results were also
presented separately for analyses strictly performed longitu-
dinally and for analyses which were either strictly cross-sec-
tional or which presented a mixed approach with elements
of longitudinal and cross-sectional analyses. In interpreting
the results, we described the following study characteristics:
size of the analytical sample, inclusion criteria, definition of
the exposure, definition of the outcome, handling of miss-
ing data, adjustment for confounding, choice of regression
models, comparison of main and sensitivity analyses, as
well as idiosyncratic decisions in the analyses.

To get an idea of how researcher degrees of freedom
affect the effect estimates, one team selected exemplary
regression models and performed the following own analy-
ses in addition to the analyses of the 16 groups:

Additional analyses 1: To compare effect estimates from
cross-sectional and longitudinal analyses, three additional
regression analyses were conducted, two cross-sectional
analyses of wave 1 and one longitudinal analysis with wave
1 as the baseline. The three analyses were identical with
respect to the definition of exposure, outcome, confound-
ers (age, sex, education) and the regression method used
(Poisson regression with robust variance estimation). The
first cross-sectional analysis included 22,984 individuals. In
the second cross-sectional analysis, 5204 individuals were
excluded for whom no follow-up data were available for
the outcome. In the longitudinal analysis, further 2331 indi-
viduals who had the target event at wave 1 were missing.
The smaller samples were therefore subsets of the larger
samples.

Additional analyses 2: To study how strongly changes in
the definitions of exposure and outcome affected the effect
estimate, longitudinal analyses with wave 1 as baseline
were performed holding all other factors constant (i.e., the
same sample size, loglinear models with a Poisson working
likelihood and robust standard errors, adjustment for age,
sex, and education). Five definitions of the outcome were
used: (1) use of the SHARE variables ph006d1 and ph006d4
(“Has a doctor ever told you that you had heart attack (...)
/ stroke (...)?”, (2) definition (1) or death by heart attack
(SHARE variable xtO11from end-of-live interviews in

waves 5, 6 and 7), (3) definition of the outcome using the
item whether participants had an event since the last inter-
view (SHARE variables ph067 1 and ph067 2 in wave 2,
and ph072 1 and ph072 2 in waves 4, 5, 6 and 7, respec-
tively), (4) participants have the outcome if definitions (2)
or (3) are fulfilled, (5) participants have the outcome if
definitions (1) and (3) are fulfilled. Each of these outcome
definitions was combined with two definitions of the expo-
sure which was inclusion or exclusion of participants upon
change of exposure status during follow-up according to
SHARE variable dn044 .

Additional analyses 3: To study how strongly the choice
of adjustment sets affected the effect estimate, longitudinal
analyses (loglinear models with a Poisson working likeli-
hood and robust standard errors) with wave 1 as baseline
were conducted with all adjustment sets chosen by the par-
ticipants. All other factors were held constant, in particular
the size of the analysis dataset by using the imputed data
provided by SHARE (N=15,449).

Results

Ofthe 16 groups of analysts, 12 consisted of only one person,
two consisted of two people, one consisted of three, and one
consisted of five people. Of these 24 persons, twelve were
mathematicians / statisticians, six were epidemiologists, one
was a medical doctor, one a physicist, one a psychologist,
one a demographer, one an expert in survey methodology
and one a sociologist. Six analysts had professorial titles,
twelve had PhDs, and six were PhD students. All but one
had experience as a first author of publications indexed in
PubMed. The statistical software used for the project was
R (nine times), SAS (five times), and STATA (two times).

Analysts estimated hazard ratios, odds ratios and relative
risks ranging from 0.72 to 1.31 (reference: married and liv-
ing together with partner) (Fig. 1). In the ten strictly longi-
tudinal analyses, effect estimates ranged from 0.95 to 1.31
(Fig. 2). In the three longitudinal analyses with wave 1 as
the only baseline, hazard ratios were 1.12, 1.19 and 1.31 (A,
B, D in Fig. 2). In the six strictly or partly cross-sectional
analyses, effect estimates ranged from 0.72 to 1.02 (Fig. 3).

Additional analyses 1 showed that the relative risks were
0.76 (95% CI: 0.66—0.88) for the first cross-sectional analy-
sis (N=22,984), 0.76 (95% CI: 0.64-0.91) for the second
cross-sectional analysis (N=17,780), and 1.10 (95% CI:
0.97-1.26) for the longitudinal analysis (N=15,449).

The size of the 16 study populations ranged from 15,592
to 336,914 observations, and it depended strongly on
whether the analysis was longitudinal or cross-sectional.
The study samples were smallest in the three longitudinal
analyses with wave 1 as the only baseline (range: 15,592 to
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Subgroup Events/N (%) Estimate (95%CT)
Hazard Ratio
A 1776/15592 (11.4) 1.31(1.11, 1.55) P
B 2598/15796 (16.4) 1.12(0.96, 1.29) —a—
C 22474/107995 (20.8) 0.86 (0.80,0.92) f—-—i
D 2130/17310 (12.3) 1.19(1.02,1.39) e
E 4087/31407 (13.0) 1.19(1.10, 1.30) —a—a
F 11517/54261 (21.2) 1.08 (1.00,1.18) ——
Odds Ratio
G 7283/60710 (12.0) 0.97 (0.84,1.11) e
H 15025/94579 (15.9) 0.83(0.77,0.91) -
I 20371/122876  (16.6)  0.89(0.83, 0.95) -—]
I 2920/21341 (13.7)  0.72(0.61, 0.86) f—a—
K 67529/336914  (20.0) 1.02 (0.86,1.21) P
I 7759/88860 (20.0) 0.96 (0.89,1.03) -
M 4462/81842 (5:5) 0.95 (0.84, 1.08) f—
N 5058/48633 (10.4) 1.29(1.13,1.48) ]
Relative Risk
O 7965/58473 (13.6) 1.14(1.05, 1.22) f—a—
P 6874/52950  (13.0)  1.09(1.01,1.19) Com
T I I I T T T
0.25 0.50 0.75 1.00 1.25 1.50 1.75

Fig. 1 Effects estimates for the association between marital status (never married versus cohabiting married) and cardiovascular disease from the

main analyses of the 16 analysts groups

17,310 individuals). In the seven longitudinal analyses that
additionally included SHARE participants newly recruited
at waves 2, 4, 5 and 6, the size of the study population
ranged from 31,407 to 81,842 subjects. The size of the study
population was largest in an analysis with cross-sectional
data from waves 1, 2, 4, 5, 6 and 7 (n=336,914): in this
analysis, many participants were included more than once,
which was accounted for by using a random effect for the
individual in the regression analysis. Exclusion criteria were
often rather idiosyncratic, e.g.: exclusion of subjects mar-
ried before the age of 18, exclusion of subjects from Israel,
of persons under the age of 55 at recruitment, and subjects
born after 1954. This has an impact on the size of the data-
sets. In wave 1, in 30,424 participants, 880 (2.9%) stated to
have married under 18, 2449 (8.0%) were from Israel, 6633
(21.8%) were under 55 at recruitment, and 1194 (3.9%)
were born after 1954.
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Analysts dealt with the change in exposure across waves
in different ways: in five analyses, SHARE participants with
change in exposure were excluded; in five further analyses,
this change was neglected; in two analyses, SHARE par-
ticipants were censored after change in exposure; in three
analyses, time-dependent exposure was used; in one cross-
sectional analysis with data only from wave 1, change in
exposure was not relevant. Furthermore, for two analysts,
the exposure categories formed deviated from the pre-
defined exposure categories “never married” and “cohab-
iting married”: one analyst added people with a registered
civil partnership to those married and cohabiting, another
combined cohabiting married, registered civil partnership,
and married living apart.

To define the outcome variable, several variables were
available in SHARE which could be considered: heart
attack / stroke ever; age at heart attack / stroke; heart attack
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Subgroup Events/N (%) Estimate (95%CTI)
Hazard Ratio
A 1776/15592 (11.4) 1.31 (1.11, 1.55)
B 2598/15796 (16.4) 1.12 (0.96, 1.29)
D 2130/17310 (12.3) 1.19(1.02,1.39)
E 4087/31407 (13.0) 1.19(1.10, 1.30)
F 11517/54261 (21.2) 1.08 (1.00, 1.18)
Odds Ratio
G 7283/60710 (12.0) 0.97(0.84,1.11)
M 4462/81842 (5.5) 0.95 (0.84, 1.08)
N 5058/48633 (10.4) 1.29(1.13,1.48)
Relative Risk
(0] 7965/58473 (13.6) 1.14 (1.05, 1.22)
P 6874/52950 (13.0) 1.09(1.01,1.19)

—=—

—a—]

I I I I I I I

0.25 0.50 0.75 1.00 1.25 1.50 75

Fig. 2 Effect estimates for the association between marital status (never married versus cohabiting married) and cardiovascular disease only from

strictly longitudinal analyses

/ stroke since last interview; main cause of death from end-
of-life interviews with relatives of deceased participants
in wave 7. The comparison of the 16 analyses revealed a
large variability regarding the variable used to define the
outcome. From the four variables available in SHARE for
the outcome, only one was used in four analyses, two were
used in four analyses, three in seven analyses, and all four in
one analysis (Supplementary Table 1).

Table 1 shows the influence of different definitions of the
exposure and the outcome on the effect estimates. For the
ten variants used in the additional analyses 2, the relative
risks ranged from 1.101 to 1.229.

All analysts performed complete case analyses, and no
analyst used strategies such as multiple imputation. Three
analysts occasionally used imputation data provided by
SHARE. One group of analysts used “no information” as
category for categorical variables to avoid exclusions.

The 16 groups of analysts provided 14 different adjust-
ment sets for confounding (Table 2). Two did not adjust for
confounding at all, two further analysts adjusted only for
sex and age. The largest adjustment set included 11 vari-
ables. In two adjustment sets, the square root of age and age
squared, respectively, were included in addition to age as a
continuous variable. One analyst used restricted splines for
education and age as timescale in the Cox regression model.
Eight analysts did not give a rationale for their choice of
adjustment variables. Three used directed acyclic graphs
(DAGsS), but the DAGs also varied considerably. Two groups
referred to published papers, one used change in estimate,
and one listened to gut feeling. One group explained that the
research question was not aiming at causal inference in their
views and did not adjust for confounders at all.

In the longitudinal analyses with wave 1 as baseline
(N=15,449), the relative risks with the adjustment sets
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Subgroup Events/N (%) Estimate (95%CT)
Hazard Ratio

C 22474/107995 (20.8) 0.86 (0.80, 0.92) —-—
Odds Ratio

H 15025/94579 (15.9) 0.83(0.77, 0.91) o

I 20371/122876  (16.6) 0.89 (0.83, 0.95) -

] 2920/21341 (13.7) 0.72(0.61, 0.86) —a—

K 67529/336914 (20.0) 1.02(0.86,1.21) /i

I 7759/88860 (20.0) 0.96 (0.89,1.03) [

T T T T T T T
0.25 0.50 0.75 1.00 1.25 1.50 1.75

Fig. 3 Effect estimates for the association between marital status (never married versus cohabiting married) and cardiovascular disease from

strictly or partly cross-sectional analyses

Table 1 Relative risks with 95% confidence interval of longitudinal
analyses (baseline=wave 1) dependent on the combination of five out-
come definitions and two exposure definitions *°

Outcome ¢ Inclusion of persons Exclusion of

after change of exposure persons after

(N=15,449) change of exposure

(N=13,102)

RR (95% CI) RR (95% CI)
CVD_1 1.102 (0.967-1.256) 1.119 (0.972-1.288)
CVD 2 1.134 (1.005-1.280) 1.151 (1.012-1.309)
CVD 3 1.126 (0.925-1.371) 1.221 (0.993-1.500)
CVD 4 1.148 (1.023-1.289) 1.167 (1.031-1.320)
CVD 5 1.101 (0.817-1.484) 1.229 (0.903-1.674)

# The relative risks refer to the association between marital status
(never married versus cohabiting married) and cardiovascular dis-
ease

® The adjustment set (age, sex, education) and the regression model
were identical in all 10 models

¢ For the five outcome definitions cf. methods section (additional
analyses 2)

@ Springer

chosen by the participants ranged between 1.10 and 1.16
(additional analyses 3, Fig. 4).

Different regression models were used for the main
result: logistic regression (five times), mixed-effects logis-
tic regression (once), log-binomial model (twice), Cox Pro-
portional Hazards model (six times), discrete time mixed
effect model (once), and generalized estimating equations
(once). Five groups performed sensitivity analyses using
different regression models: except for one analyst using
generalized estimating equations (GEE model) in addition
to a Cox model, the choice of the regression model had
little influence on the effect estimate (Table 3). E.g., in one
analysis, the OR was 0.97 (95% 0.84—1.11) when a discrete
time mixed model was used, and the HR was 0.99 (95% CI:
0.86—1.13) when a Cox regression model was fitted.

In analyses using Cox models, calculations of survival
time differed. One group of analysts used the number of
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Table 2 Adjustment sets from the 16 analysts groups
Adjust- Frequency
ment set

Variables (Study group according to
Fig. 1)

no confounders (C, F)

age, sex (H, J)

age, square root of age, sex (L)

age, sex, country (1)

age, sex, education (P)

age, sex, education, country (D)
age, age squared, sex, region (6
regions), smoking ever (O)

Q@ = 0 o0 o o
—_ = = = NN

age, sex, education, income (tertiles),
children (yes / no), country (G)
education (as restricted splines) (E)
age, sex, country, hypertension, lipid
disorder, diabetes, smoking (B)

age, sex, country, hypertension,
hypercholesterolaemia, diabetes, BMI,
smoking, physical activity, depression,
self-perceived health (A)

age, sex, BMI, smoking, physical
activity, having a job, hospital stay in
the last 12 months, depression (K)
age, sex, hypertension, increased
value of cholesterol, physical activity,
smoking, country, intake of drugs in
cardiovascular drugs (N)

age, sex, BMI, chronic diseases, smok-
ing, physical activity, country (M)

waves as a proxy of time. One used the time between base-
line and last wave if there was no event, and time between
baseline and penultimate wave plus half time between pen-
ultimate and last wave if an event occurred. Two used the
time between baseline and last wave regardless of whether
an event took place or not. Four used age as a proxy for time
on study. None of the groups checked the proportional haz-
ards assumption. All analysts but one used the default for
ties which is Breslow in SAS and STATA, and Efron in R.

Some groups criticized the quality of SHARE data. One
group showed that in the analysis data-set age at diagnosis
of outcome and age at marriage were missing for about 50%
of subjects. Three other groups pointed out that self-reports
of outcomes and marital status were often inconsistent.

Discussion

In this multi-analyst study, each analysis was unique. There
were no two analyses that were even close to similar, and
the size of the analysis data sets varied considerably. The
effect estimates (hazard ratios, odds ratios, or relative
risks) for the association between marital status (cohabiting
married versus never married) and cardiovascular events
ranged from 0.72 to 1.31. The variation in effect estimates
was smaller when the strictly longitudinal studies (and

longitudinal analyses with wave 1 as the only baseline in
particular) and the strictly or partly cross-sectional studies
were considered separately. Almost each group of analysts
used a different adjustment set for confounding, which had
only a small effect on the range of effect estimates in our
example data set (relative risks ranged from 1.10 to 1.16).
Differences in the precise definition of exposure and out-
come, and the choice of the regression models also had an
only small influence on the effect estimate. Modern epide-
miological and statistical methods such as multiple impu-
tation, directed acyclic graphs, target trial emulation, and
inverse probability treatment weighting were rarely or never
used. Only three groups used imputation data provided by
SHARE for single variables.

Effect estimates for the association between marital sta-
tus and cardiovascular outcomes from strictly longitudinal
analyses in the present multi-analyst study were comparable
to effect estimates from previous studies, although closer to
the null effect. A meta-analysis with 34 prospective stud-
ies showed associations between marital status (unmarried
versus married) and cardiovascular events (OR=1.42 (95%
CI: 1.00-2.01)), stroke events (OR=1.23 (0.93-1.63)) and
stroke deaths (OR=1.55 (1.16-2.08)) [22]. Other recent
studies have shown similar results [23, 24].

An interpretation of the results of the 16 study groups
as widely different may be inappropriate. The sensitivity
analyses by some analysis groups and the additional analy-
ses 2 and 3 suggest that researcher degrees of freedom like
the choice of precise definitions of exposure and outcome,
the choice of adjustment sets, and the choice of regression
models each had only small impact on the effect estimates.
Cross-sectional analyses, longitudinal analyses with only
wave 1 as baseline, and longitudinal analyses including also
participants recruited at later waves actually answer differ-
ent questions. The sizes of the analysis data sets differed
strongly according to the different study types. Results of
analyses with comparable research questions differed less.
For longitudinal analyses with wave 1 as the only baseline,
the three hazard ratios were 1.12, 1.19 and 1.31. Among
the cross-sectional analyses, analysis J which is a strictly
cross-sectional analysis of wave 1 and analysis K which is
a strictly cross-sectional analysis of all waves and which
includes many participants more than once, are barely com-
parable to the remaining four partly cross-sectional analyses
for which effect estimates range from 0.83 to 0.96. The dif-
ferent results from cross-sectional and longitudinal analyses
may be explained by the prevalence incidence bias which
refers to the influence of the exposure on survival after the
outcome. In particular, never-married men are more likely
to die after a heart attack or stroke than married men and
are therefore less likely to be included in a cross-sectional
study after the event [25-27]. Moreover, in a cross-sectional
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Adjustment set Relative Risk (95%CT)
a 1.13 (0,99, 1.29) 0.06
b 1.10(0.96, 1.25) 0.16
c 1.15(1.01, 1.30) 0.04
d 1.10(0.96, 1.25) 0.17
e 1.11 (0.98,1.27) 0.11
£ 1.10 (0.97, 1.26) 0.15
g 1.14 (1.00, 1.30) 0.05
h 1.15(1.01, 1.31) 0.04
1 1.16 (1.02,1.32) 0.03
] 1.10(0.90, 1.34) 0.10
k 1.10(0.96, 1.25) 0.17
1 1.10 (0.96, 1.25) 0.17
m 1.11 (0.98, 1.27) 0.11
n 1.11 (0.98,1.27) 0.11

p-value

} - {
T T T T T T T T 1
09 095 1 1.05 1.1 1.151.21.25 1.35

Relative Risk

Fig. 4 Relative risks with 95% confidence interval (CI) of a longitudinal analysis (baseline=wave 1) with all adjustment sets used by the 16 ana-

lysts groups (for adjustments sets, cf. Table 1)

study at wave 1, cases before wave | are considered, while
in a longitudinal study starting at wave 1, incident cases
between wave 1 and wave 7 are considered. The additional
analysis 1 clearly demonstrates that the different results
from cross-sectional and longitudinal analyses do not result
from confounding by other factors like definition of expo-
sure and outcome, the choice of the adjustment set or the
choice of the regression model. It may be surprising that
not all groups have carried out longitudinal analyses using
data from a panel study. One explanation may be the rather
complicated study design of SHARE, in particular new
countries joining the study in later waves and refreshment
samples from wave 2 onwards combined with the percep-
tion, that the task should be managed in a defined time.

A common observation of most previous multi-analyst
studies was a wide range of results - from positive to nega-
tive effects. There were only few exceptions: in a study by
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Hoogeven et al. with 120 teams of analysts, all but three
reported a statistically significant correlation between reli-
giosity and well-being [14]. In a study by Veronese et al.
14 teams reported “similar although not identical results”
despite different evaluation strategies [9]. Van Dongen et al.
gave two deliberately very simple data sets (2 x2 table; 13
value pairs (perceived stress, activity of the amygdala)) to
four teams of very experienced statisticians [28]. Despite
very different methodical approaches (e.g. two times fre-
quentists, two times Bayesian) the authors drew the same
conclusion that the data were inconclusive for both research
questions analyzed in that study.

For the mixed results in earlier multi-analysist studies,
different reasons were given. Breznau et al. stated that 95%
of the variability of the results were due to non-identifiable
decisions in the analyses and called this “idiosyncratic
variation” [12]. Sociologists conducted a re-analysis of the
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Table 3 Effect estimates with 95% confidence intervals from main and
sensitivity analyses: results from 5 analysts groups

Effect estimates ° N Events
(95% CI)
1 GEE OR=0.89 (0.83-0.95) 122,876 20,371
Cox regression HR=1.18 (0.91-1.52) 93,333 1,262
2 Logistic regression OR=1.32 (1.10-1.59)
Cox regression HR=1.31 (1.11-1.55) 15,592 1,776
3 Discrete time OR=0.97 (0.84-1.11) 60,710 7,283
mixed effect model
Cox regression HR=0.99 (0.86-1.13)
4 Nested Case Con- OR=1.06(0.97-1.17)
trol Study
Cox Regression HR=1.08 (1.00-1.18) 54,261 11,517
5 Logistic regression OR=1.29 (1.13-1.48) 48,633 5,058

Cox regression HR=1.25(1.10-1.41)

GEE: generalized estimated equations; OR: odds ratio; HR: hazard
ratio; CI: confidence interval

? The effect estimates refer to the association between marital status
(never married versus cohabiting married) and cardiovascular dis-
ease

® The effect estimate of the main analysis is highlighted in bold

football study by Silberzahn et al. [11, 29]. They identified
four different interpretations of the research question of that
study and attributed the variance in results to a lack of clar-
ity in the research question [29]. Others showed that peer
confidence, a proxy for expertise, was strongly related to the
variability of results in the study by Silberzahn: the higher
the peer confidence, the more similar the results [30]. In
another multi-analyst study in neuroscience, different cor-
rection methods for multiple testing and different software
were identified as reasons for mixed results [8]. Traditions
in institutions may also play a role: in the present study, the
only two analysts who used log-binomial regression models
to estimate relative risks worked at the same institute. We
assume that there was no incentive for bias or p-hacking in
this study: First, the analysts had not chosen the topic and
therefore had no preference for a specific outcome. Second,
they knew that the chances of future co-authorship did not
depend on whether their results were positive, negative, or
neutral.

Several suggestions have been made to deal with
researcher degrees of freedom, including making the data
and syntax freely available, and conducting multiverse and
multi-analyst studies [1, 31, 32]. Providing the syntax of the
statistical analyses in a supplement can increase transpar-
ency. However, it is very unlikely that many readers of a
paper will read the syntax line by line because this takes time
and readers may not be familiar with the statistical software
used. Changing the syntax in terms of micro-decisions may
lead to changes in the results that would not justify a second
publication in a scientific journal. In multiverse analyses,
researchers perform a large variety of own analyses and

present them all in one publication. For example, Levitt et
al. estimated 66 excess mortalities during the SARS-CoV-2
pandemic by using 66 different reference periods rather than
reporting the result for a single subjectively chosen refer-
ence period [33]. Wagenmakers et al. suggested that more
multi-analyst studies should be conducted, and they recom-
mended that journals create formats and incentives for this,
e.g., presentation of alternative analyses in the supplement,
either by themselves or by other analysts, or comments on
accepted articles in which other authors present their own
analyses of the same data set [19].

In the present study, much of the variation can be attrib-
uted to the type of study on which the analyses were based
(cross-sectional, longitudinal, hybrid), and to the corre-
spondingly large differences in the size of the analysis data
sets. The reason for these different approaches may either be
that the research question still left some non-intended room
for interpretation. Or the characteristics of the SHARE
dataset let some analysts prefer a (partly) cross-sectional
analysis which is easier to perform. Beyond this, it should
be noted that there were also differences in the quality of
the analyses. Longitudinal analyses should be preferred
to cross-sectional studies, analyses with multiple imputa-
tion should be preferred to analyses without imputation,
and analyses that take into account the time dependence of
exposure are formally preferable to analyses that do not take
this into account. From those aspects, only the longitudinal
versus cross-sectional comparison could be studied empiri-
cally in the current study.

In other fields, particularly in psychology, there is lively
discussion on lack of reproducibility of studies. In our view,
the discussion of reproducibility in epidemiology has not
been as strong as in other fields. This may be explained by
the fact that reproducibility is mainly inferential reproduc-
ibility, and thus based on dichotomization of p-values. In
epidemiology, there is a trend away from orthodox null
hypothesis significance testing towards the estimation of
point estimates with 95% confidence intervals [34-36].
Therefore, in our multi-analysts study we were mainly
interested in the variability of point estimates. Our results
show that many “classical” aspects of epidemiology (type
of regression model, definition of outcome or exposure,
selection of confounders) played only a minor role, in con-
trast to the choice between cross-sectional and longitudinal
analysis.

Rather, it seems that not all analyses gave answers to
the same research questions, i.e. that there were different
“estimands”. An estimand is “.the target of estimation to
address the scientific question of interest posed by the trial
objective” and has five attributes — population, treatment,
variable (endpoint), intercurrent events and the summary
measure — that must be well defined before analysis [37,
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38]. For example, we could be interested in the effect of the
one-time treatment “getting married” in terms of “tying the
knot” or “exchanging vows” or in the cumulative effect over
time of the treatment “marriage” involving shared responsi-
bilities, rights, and benefits. Such a time-varying treatment
cannot be investigated in the cross-sectional setting. The tar-
get population can either be anyone who could get married
(or has already married) or anyone who has not experienced
the outcome yet at the time of recruitment. The latter would
need longitudinal analyses that refer to incident cases of the
outcome after baseline whereas the former could also be
investigated in cross-sectional analyses that sum up cases
given they survived until the time of measurement. Another
distinction could be between the legal perspective (being
married vs. not) on the one side and social binding (liv-
ing together without marriage) and this in various cultural
contexts.

Our study has some limitations. First, the number of ana-
lysts was small. Second, there was little heterogeneity in the
experience of the analysts, so the influence of the level of
experience on the results could not be investigated. Third,
we only included researchers in Germany, except for one
group from Switzerland and Denmark each. Researchers
from other countries may have used other techniques due to
country specific trends and teaching topics at universities.
Fourth, having the same effect estimate from all analyses
would have been favorable for comparability. However, we
did not restrict the choice of regression models because this
is an important degree of freedom in data analysis. There-
fore, we accepted different summary measures (e.g. odds
ratios and hazard ratios) in the analyses. Nevertheless, as
the disease risk was not very high (i.e. < 20%) the devia-
tion between the figures for the different effect estimates
may not be large. Fifth, we did not analyze the association
between prior beliefs on the research question and results of
the analysis. Finally, the research question was not imple-
mented as intended by those analysts who did not perform
a strictly longitudinal analysis. The explanation may be
that these analysts did not interpret the research question
as intended, or that they preferred (partly) cross-sectional
analyses because of the complex structure of SHARE data
and because age at diagnosis of outcome and age at mar-
riage were missing for many subjects.

A strength of our study is that we used data from SHARE,
the largest and very well curated European social science
panel study, which is the basis of 4,119 publications up to
October 2024. As mentioned above, some analysts consid-
ered data quality as poor at least for some variables. In the
context of a multi-analyst study, this may be even a strength
because it means that the analysts of our study were con-
fronted with problems that are not uncommon in the analy-
sis of epidemiological data.

@ Springer

Conclusion

The present multi-analyst study with an epidemiological
research question gives a less pessimistic view than similar
studies from other scientific disciplines. At first sight, there
is a wide range of results especially in analyses of purely
longitudinal and cross-sectional type which give answers to
different research questions. However, analyses with similar
estimands and similar sample sizes gave more homogeneous
results. The additional analyses on the effect of researcher
degrees of freedom (the precise definition of exposure and
outcome, choice of the adjustment set, choice of the regres-
sion model) suggest that these decisions had only a small
influence on the effect estimates.

In our study, the researcher degrees of freedom were
arbitrary choices made by the analysts. To see how strongly
effect estimates depend on researcher degrees of freedom,
a systematic multiverse analysis that takes into account all
possible analytical choices would be ideal. However, in a
study with a rather complex data set like SHARE, this is
hardly feasible. For future research, we suggest conducting
multiverse analyses for small and manageable datasets. The
research question had used the verb “influence”, which is
causal language and the word “incidence”, and those who
developed the question imagined that all analysts would
perform longitudinal analyses and include participants
recruited not only at wave 1, but also at later waves. For
future multi-analyst studies, we suggest that the research
question be formulated even more rigorously.

With our study, we aimed to initiate the discussion on
subjective, but legitimate decisions in data analysis in epi-
demiology, and we look forward to further studies on this
topic.

Supplementary Information The online version contains
supplementary material available at https://doi.org/10.1007/s10654-0
25-01235-8.
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