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ARTICLE

Exploring the multiverse: the impact of researchers’ analytic
decisions on relationships between depression and
inflammatory markers
Manivel Rengasamy1✉, Daniel Moriarity 2,3, Thomas Kraynak 1,5, Brenden Tervo-Clemmens 6 and Rebecca Price 1,4

© The Author(s), under exclusive licence to American College of Neuropsychopharmacology 2023

In recent years, a replication crisis in psychiatry has led to a growing focus on the impact of researchers’ analytic decisions on the
results from studies. Multiverse analyses involve examining results across a wide array of possible analytic decisions (e.g., log-
transforming variables, number of covariates, or treatment of outliers) and identifying if study results are robust to researchers’
analytic decisions. Studies have begun to use multiverse analysis for well-studied relationships that have some heterogeneity in
results/conclusions across studies.We examine the well-studied relationship between peripheral inflammatory markers (PIMs; e.g.,
white blood cell count (WBC) and C-reactive protein (CRP)) and depression severity in the large NHANES dataset (n= 25,962).
Specification curve analyses tested the impact of 9 common analytic decisions (comprising of 58,000+ possible combinations) on
the association of PIMs and depression severity. Relationships of PIMs and total depression severity are robust to analytic decisions
(based on tests of inference jointly examining effect sizes and p-values). However, moderate/large differences are noted in effect
sizes based on analytic decisions and the majority of analyses do not result in significant findings, with the percentage of analyses
with statistically significant results being 46.1% for WBC and 43.8% for CRP. For associations of PIMs with specific symptoms of
depression, some associations (e.g., sleep, appetite) in males (but not females) were robust to analytic decisions. We discuss how
multiverse analyses can be used to guide research and also the need for authors, reviewers, and editors to incorporate multiverse
analyses to enhance replicability of research findings.

Neuropsychopharmacology (2023) 48:1465–1474; https://doi.org/10.1038/s41386-023-01621-4

INTRODUCTION
Over the past decade, researchers have become increasingly
oriented towards the reproducibility of results, given that a
wide range of research findings have failed to replicate [1]. The
reproducibility of results is critical because it forms the backbone
of the scientific method in generating hypotheses and ultimately
informs clinical care. Though most researchers are aware of broad
challenges to reproducibility, identifying the degree to which
any specific result may be reproducible has been difficult. Given
these concerns, some scientific fields have begun to investigate
one critical factor that influences reproducibility – the effects of
variability in researchers’ analytic decisions on the results of
analyses (related to “researcher’s degrees of freedom” and the
“garden of forking paths”) [2, 3]. One rigorous technique, called
“multiverse analyses”, has been developed to assess effects of
analytic decisions [4]. Multiverse analyses have found that
researchers’ analytic decisions, such as variable transformation
(e.g., log transformation) or exclusion of certain participants, often
lead to discordant support for a single hypothesis even when the
exact same dataset is utilized [5]. Though strategies to improve
reproducibility (e.g., pre-registry, meta-analyses, and data trans-
parency) exist, such strategies are still vulnerable to the choice of

analytic decisions made by researchers. These researcher-level
analytic choices may lead to fragility of results – namely, failure to
correctly reject the null hypothesis, incorrectly rejecting the null
hypothesis, or incorrect effect size estimation.
At its core, multiverse analyses involve testing numerous

combinations of common and appropriate analytic decisions.
Given that a wide range of analytic pipelines can be justified and
defensible by knowledgeable researchers, multiverse analyses
provide a methodology to quantify uncertainty and account for
the “researcher degrees of freedom” that can better determine the
probability that a researcher using any of a variety of methods
would obtain a similar result from the exact same dataset.
Multiverse analyses can also be used to identify which analytic
techniques (e.g., excluding individuals with comorbid illnesses)
might result in most (or least) replicable associations. This
information can inform ideal methodology for use in future
studies. Furthermore, recognition of the type of analytic decisions
that cause variance in reproducibility may spark further studies.
For instance, if differences in reproducibility exist in participants
based on inclusion of outlier values of a variable, then further
research could explore the reasons why outliers of a given variable
affect results.
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One area of particular interest in the field of behavioral medicine
with regards to reproducibility is the relationship between
peripheral inflammatory markers (PIMs; e.g., C-reactive protein
(CRP) and white blood count (WBC)) and depression (defined by
both total depressive symptom severity and at the level of each
depressive symptom), given direct clinical implications for treat-
ment of depression (or risk factors for depression) and indirect
impact of such knowledge on broader health outcomes linked to
inflammation and depressive disorders. While meta-analyses
suggest that PIMs are cross-sectionally associated with depression
severity or MDD, and perhaps generally associated with specific
symptoms such as disturbed sleep, fatigue, or alterations in
appetite, prior work has raised concerns regarding the reproduci-
bility of findings (specifically the strength and statistical significance
of such relationships) [6–9]. For instance, somatic depressive
symptoms (e.g., sleep, appetite, fatigue) and CRP were positively
and strongly associated in the ELSA population study (n= 5909;
ORsadjusted= 1.30–1.97) [10], but not statistically associated in the
Gutenberg Health study (n= 5000; ORadjusted= 1.02, p= 0.44) [11],
while the Moli-sani study found that only one somatic symptom
(appetite) was moderately associated with CRP (n= 13,301;
ORsadjusted= 1.1–1.33) [12]. Furthermore, a major challenge in
inflammatory marker research is understanding the role of
confounding factors (e.g., lifestyle or risk factors for depression)
influencing or contributing to both PIM elevation and specific
depressive symptoms (e.g., sleep), and research findings may be
heavily influenced by decisions about the number of such factors or
the choice of which factors are included as covariates in analyses
[7, 13]. Of note, given that PIM-depression associations may be
stronger or not observed in certain subgroups, reproducible
moderators of the PIM-depression relationship are also important
to identify, which remains a challenge partially due to the significant
variation in potential analytic decisions in such analyses [14]. Given
these discrepancies and challenges, multiverse analysis could
inform the extent to which results are robust to a variety of analytic
choices and, conversely, what analytic options influence replic-
ability. Identification of robust associations could guide ongoing
clinical trial research into which relationships might be the most
worthwhile towards ultimately targeting PIMs to improve depres-
sion symptomatology.
To address these reproducibility questions, we utilize data from

the National Health and Nutrition Examination Survey (NHANES)
cohort (n= 25,962), assessing the association between depression
severity (from the Patient Health Questionnaire-9 [PHQ-9]) and
two PIMs (WBC and CRP) [15]. Though associations of CRP and
specific depressive symptoms have been analyzed in prior studies
(representing a small number of the spectrum of all possible
analytic specification strategies), few studies have investigated
symptom-specific associations of WBC [12, 16]. In our multiverse
analyses, we examine associations between PIMs and both total
depression severity and individual depressive symptoms across
eight common analytic decisions (n= 58,320 analytic combina-
tions), which is the most comprehensive multiverse analysis in
medicine to our knowledge. We additionally conduct exploratory
multiverse analyses investigating moderators of the relationship
between PIMs and depression, given the import of such relation-
ships. We assess both effect sizes and statistical significance of
associations, and robustness of results to effects of different
analytic decisions. We describe how multiverse analysis can be
used to identify both results that are more likely to reproduce and
analytic decisions affecting the reproducibility of results.

METHODS
Participants and measures
Participants included in this analysis were 25,962 adults who provided
data across any of five cycles of NHANES with valid PHQ scores and
also either WBC or CRP levels, with details of this cohort in prior studies

(see Supplement S1) [14]. NHANES is a sequence of surveys administered
across the United States collecting health statistics about the general
population, providing cross-sectional data on participants [15].
To recruit participants (see https://www.cdc.gov/nchs/nhanes/index.htm

for an extended explanation), NHANES, a program of studies that is part of
the Centers for Disease Control, utilizes US Census information, and
separates all counties in the US into 15 groups of counties with similar
characteristics (e.g., based on demographic, health status, and metropo-
litan statistical area status variables). Then, one county is randomly
selected from each group, and ~600–720 households within this county
are randomly chosen. Within each household, a random number of
participants within each selected household are then asked to participate
in the interview. Letters are sent to eligible households or NHANES
interviewers go to participants’ homes to determine eligibility. Eligible
individuals are then voluntarily asked to complete an interview portion
(including demographic, health-related information, and self-report health
measures) via telephone or in-person interview. Additionally, a subset of
participants complete laboratory tests conducted separately in a local
NHANES mobile examination center (MEC). The MEC is an advanced
mobile clinical laboratory center, staffed by physicians, phlebotomists and
health technicians, and physical examination and blood draws are
conducted in the MEC. All components of NHANES surveys and
transportation to the MEC are provided to participants free of charge.
NHANES surveys exclude individuals in supervised care or custody in
institutional settings or active-duty military personnel, but do not exclude
based on age, gender, or other characteristics.

Primary measures and covariates
Depression severity was measured with the PHQ-9, a well-validated, nine-
item self-report questionnaire. For total PHQ-9 scores, scores range 0 to 27,
with scores >9 having strong sensitivity/specificity for a diagnosis of MDD
(used to define “probably depressed” individuals in our study) [17]. In the
PHQ-9, specific symptoms of depression include anhedonia, low mood,
sleep disturbance, low energy, appetite disturbance, low self-esteem,
concentration difficulties, psychomotor disturbances, and thoughts related
to suicide/self-harm.
WBC levels were obtained through Beckman Coulter analyzers and CRP

levels were obtained through Behring Nephelometer, Beckman Coulter
Synchron analyzers, or Roche-Cobas 6000 analyzers (see Supplement S1 for
details, including details related to CRP measures across study waves).

Secondary measures and covariates
A key analytic decision used in the subsequent multiverse analysis
was related to the selection of covariates. We examined 21 covariates
used in prior studies examining associations of depression and PIMs
(see Supplement S2/S3 for details on covariates and covariate values
across the cohort). Self-reported covariates included age, gender (male
or female), marital status (married/cohabitating or not), education level
(above or equivalent to/below high school), poverty index (lower scores
indicate smaller income to poverty ratios), race/ethnicity (dichotomized
as non-Hispanic White or not), fasting time before blood draw, any
prescription drug use, antidepressant use, non-steroidal anti-inflamma-
tory drug (NSAID) use, opiate use, statin use, total sedentary minutes,
total minutes of vigorous physical activity, medical illness burden (up to
10 chronic medical illnesses; e.g., congestive heart failure), and acute
illness (in the past 30 days; e.g. cold). Objectively measured covariates
included body mass index (BMI), serum cotinine levels (reflecting recent
nicotine exposure), HbA1C, systolic blood pressure, and diastolic blood
pressure.

Multiverse decisions
Analytic choice description. To select which analytic decisions would be
examined, we qualitatively reviewed the literature for analytic decisions
that differed amongst published studies examining associations between
PIMs (or related biological variables/factors) and total depression severity,
diagnosis of depressive disorder, or individual depressive symptoms (see
Table 1) [7, 13]. We included decision options identified in these studies.
Each individual analysis (termed “specification”) included one option from
each decision. For analyses examining PIMs and PHQ total scores, we
identified 58,320 potential specifications (32,400 non-overlapping specifi-
cations), with 1944 of these pertaining to linear regression models with
PIM values that were not log-transformed or binned (allowing for inference
testing and effect size comparison).
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Analytic decision rationale. Researchers might use these different decisions
for a variety of reasons (see Supplement S4.D for more extensive
explanations). For example, for decisions related to covariate number and
covariate form (e.g., dichotomized or continuous), these might depend on
the researcher’s beliefs about how influential a given a covariate is, the
nature by which a covariate affects depressive symptoms (e.g., linearly
related or related via a step-function), or limitations of a dataset (only certain
variables/forms are easily available). As another example, for decisions
related to log-transforming variables given concerns of non-normal
distribution of residuals, these decisions might vary given that real-world
data often does not follow normal distributions, and a multitude of methods
and tests (both graphical and statistical) exist that might determine if
residual distributions are normal, with variation in determination of
normality depending on method used [18, 19]. Even amongst experts,
discrepancy exists whether researchers should even examine normality of
residuals or conduct variable transformation in cases of non-normal
distribution of residuals given costs of variable transformation, such as
decreased generalizability of findings related to such results [19, 20].

Analysis details
Statistical analyses were conducted using the statistical software Rv3.5.2
(see Supplement S4). We conducted multiverse analyses examining the
association between total PHQ scores and PIMs and examining the
association between each of nine depressive symptoms on the PHQ and
PIMs. We obtained both effect sizes (beta weights for linear regression
models and odds ratios for logistic regression models) and p values for all
possible analytic specifications identified in our multiverse (see Table 1),
using the PIM as the independent variable and depression severity as the
dependent variable. Effect sizes and p values were chosen given they are
the most commonly reported in the literature. Beta weights or ORs allow
examination of effect size, while p-values allow comparison of results
across different model types (e.g., logistic and linear regression). Of note,
for interested readers, we also present identical multiverse analyses in
probably depressed individuals (with probable depression definitions
based on both PHQ total score cutoffs and DSM based criterion applied to
the PHQ) in Supplement S12.

Multiverse associations of PIMs and depression. We descriptively presented
median beta weights or percentage of analyses (termed “POA”) with
p values less than 0.05 for each individual decision option [21–23].

To estimate the influence of an individual analytic choices on results as
done in prior studies, we calculated Cohen’s d for the effect size for the
difference between (a) the mean beta weight for a single decision
specification and (b) the mean beta weight for all other decision
specifications, descriptively noting a decision option as “influential” if |
Cohen’s d| > 0.5 [24–26]. To compare p-values between analytic specifica-
tions, we identified percentage of analyses with p < 0.05 for a given
decision option, presenting the spread of POA between decision options
for each decision.
For statistical inference, specification curve analysis was used (see

Simonsohn et al. [3] and the Supplement S4.A/B/C, and S5 for extended
text/graphical descriptions of analyses). This analysis involves generating all
possible analytic specifications and examining if a dataset with randomly
permuted PIM values (using resampling to generate 1000 shuffled samples)
would be likely to have similar results using identical analytic specifications,
using joint tests for inference (JTI; which utilize metrics comparing median
beta weights and p-values) [3, 27]. Results were considered to be statistically
significant by JTI if having p < 0.05 for both the median beta weight test
(pMBW) and a p-value based test (test based on either share of significant
results [pSSDR] or Stouffer’s Z [pSZ]).

Examination of analytic decision of covariate selection. To examine decisions
related to covariate selection (fully independent from prior multiverse
analyses), we examined all 21 covariates in logistic regression models using
participants with valid data for all 21 covariates (n= 15,796), using “probably
depressed” status as the outcome (see Supplement S4.D for methodological
details). For each “k” different number of covariates (i.e., 1, 4, 8, 12, 16, or 21),
all possible subsets of 21 covariates using a “k” number of covariates (i.e., 21
choose “k”) were identified and up to 2000 of these combination subsets
were randomly selected. ORs frequencies, median ORs, and POA for results
from these combination subsets were calculated for each “k” number of
covariates.

Examination of Individual PHQ symptoms and PIM associations. To
examine associations between PIMs and individual depressive symptoms,
we conducted specification curve analyses (using logistic regression
models with each individual PHQ symptom score presence/absence as the
outcome) and identified median ORs and POAs for each decision option.
We performed both “raw” analyses (e.g., including all possible analytic
decisions) and “optimized” analyses (e.g., analyses that we hypothesized

Table 1. Analytic decision table.

Analytic decision Number of
options

Analytic decision options References

Covariate number 6 0, 4, 8, 12, 16, 21 [39–42]

Covariate form 3 Of 11 continuous covariates: dichotomizing 11, 6, or 0 continuous covariates
based on clinically meaningful values or median value

[43, 44]

PHQ outcome/model
form

5 Logistic regression (dichotomizing PHQ at 15,10, or 8), Linear regression
(continuous outcome measures), or Negative binomial regression (count for
the number of PHQ symptoms endorsed)

[45, 46]

PIM transformation 2 Log transform or no transformation [47]

PIM binning 3 Quartile, tertile, or no binning [48, 49]

Outlier treatment 6 Exclude clinical outliers (WBC, CRP, or both WBC and CRP), exclude outliers
>3 standard deviations above mean, winsorize outliers, or keep outliers.
Outliers identified by any method represented <15% of the data.

[7, 40, 50–52]

Gender 3 All (male and female), male, or female [53, 54]

Exclusion of cohorts 6 Exclude based on acute illness, psychiatric medication, immune-affecting
medications, any immune/psychiatric medication or illness, nondepressed,
or do not exclude

[55–58]

Total 58,320

This table describes the potential analytic decisions and the different options available for each analytic decision. Example references are provided of prior
peer-reviewed published studies using such analytic decisions or review papers discussing such decisions [7, 13]. See Supplement S4.2 for further rationale for
analytic decisions.
Note. Covariate selection (e.g., which covariates are selected to be included in analysis) are not included in this table because this is dependent on covariate
number and with 21 covariates, ~2 million combinations of covariates exist, resulting in methodological and computational complexity beyond the scope of
this analysis. However, covariate selection was examined separately through use of sampling (see Section “Effects of covariate selection on PIM-depression
associations”). For covariate number, to minimize effects of the choice of covariates (given we could not explore this fully in our primary multiverse analyses
due to lack of computational power), we retained a fixed order of 21 covariates (see Supplement S2).
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were more theoretically accurate) for researchers who might seek to use
our subset of analytic decisions. Analyses were stratified based on gender
(see Supplement S4.D for rationale).

Exploratory analysis of moderators of PIM-depression associations. To
exploratorily identify potential moderators of depression and PIM
associations, we examined the 21 covariates previously described, and
assessed if these covariates (without any dichotomization of continuous
covariates) moderated associations between depression severity and PIMs
(with IVs of the PIM*moderator interaction terms and DV of PHQ scores), in
identical multiverse and inferential testing analyses to the primary analyses
examining PIM and depression associations (see Supplement S15 for full
tabular results and results by subgroup).

RESULTS
Sample characteristics
Participants in this community-based cohort (n= 25,962; 49.1%
male; 48 ± 19 years of age; 42.5% non-Hispanic White) had
mean CRP levels of 4.3 ± 8.1 mg/L, mean WBC levels of 7.3 ± 3.5,
with 8.54% of participants with PHQ scores >9. Most covariates
were significantly associated with WBC, CRP, and PHQ scores
(see Supplement S3).

Multiverse analysis: PIMs and total depression severity
Summary. Across the full spectrum of analytic decisions (specifica-
tions= 1944; see Supplement S4 for details), joint tests for inference
(JTI) identified that median beta weights were significantly greater
in the true sample in comparison to shuffled samples (n= 1000
resamples) for both WBC (median B= 0.048, p < 0.001) and CRP
(median B= 0.024, p < 0.001), suggesting that such associations
existed independent of choice of analytic decisions. Similarly, the

true sample had a greater share of significant results in the positive
direction (SSRPD) and a larger Stouffers Z for both WBC (SSRPD=
1065/1065, pSSRPD < 0.001, pSZ < 0.001) and CRP (SSRPD= 1053/
1053, pSSRPD<0.001, pSZ < 0.001).

Effect sizes. For beta weights (see Table 2), the following decision
specifications were “influential” (|d| > 0.5) with greater beta weights
for both WBC and CRP (d values for all choices are presented in the
Supplement S6): analyses examining males (relative to females and
males/females; dCRP= 0.61, dWBC= 0.77), analyses with zero covari-
ates (dCRP= 1.35, dWBC= 1.66; relative to 4–21 covariates). Lower
beta weights were found for analyses including all outliers
(dCRP=−0.66, dWBC=−0.96; relative to removing all outliers based
on clinical cutoffs, etc.) or analyses removing outliers based on the
other PIM (dCRP=−0.69, dWBC=−0.63; e.g., for analyses with CRP,
removing outliers based on clinical cutoffs for WBC). Such effects
could compound when combining 2+ decisions (see Supple-
ment S7). For instance, for CRP, mean beta weights in probably
depressed individuals were 9 times higher in analyses excluding
clinical outliers (for WBC/CRP) versus those keeping outliers.

Percentage of significant analyses (POA). We also examined
percentage of analyses with p < 0.05 (POAp<0.05) (specifications=
58,320). In terms of POAp<0.05, 43.8% of analyses for CRP and 46.1%
of analyses for WBC overall had statistically significant associations
between the respective PIM and depression severity. For specific
decisions across both PIMs (see Tables 1 and 3), covariate number
had the greatest between-decision spread of POAp<0.05

(CRP spread= 77.7%, WBC spread= 55%), followed by exclusion
of a given cohort (e.g., excluding participants with acute
medical illness; CRP spread= 24.4%, WBC spread= 63.7%), gender

Table 2. Single decision table for beta weights and p values for WBC and CRP.

PIM Decision Specification Mean B weighta Influential Cohen’s d (B’s of specification compared to other
specifications)

CRP

Exclusion of cohort Exclude non-depressed 0.054 0.53

Genders examined Female 0.021 −0.65

Genders examined Male 0.05 0.61

Number of covariates 0 0.075 1.35

Number of covariates 16 0.019 −0.65

Number of covariates 21 0.017 −0.65

Outlier treatment Exclude elevated CRP 0.056 0.62

Outlier treatment Exclude elevated WBC 0.019 −0.69

Outlier treatment Keep all 0.02 −0.66

WBC

Genders examined Female 0.037 −0.77

Genders examined Male 0.082 0.77

Number of covariates 0 0.119 1.66

Number of covariates 21 0.037 −0.66

Outlier treatment Exclude elevated CRP 0.038 −0.63

Outlier treatment Keep all 0.029 −0.96

Table presents mean beta weights (average of beta weights for a single analytic specification) and influential Cohen’s d (effect size of difference between beta
weights of the given specification compared to all other beta weights in other specifications for the same decision), with decisions presented that retained an
‘influential’ Cohen’s d (|d| > 0.5). A positive Cohen’s d indicates that given analytic specification had higher beta weights compared to all other analytic
specifications. For instance, for CRP and the analytic decision of gender, beta weights from analyses including only males (with a mean beta weight of 0.05)
were greater than beta weights from analyses including only females or including females and males, with a Cohen’s d of 0.61 for this difference. The
Supplement S6 details the full single decision table.
Note: These reflect beta weights for linear regression models without modification of the PIM (e.g. no binning of PIM and no log transformation) to ensure
comparability of beta weights (see Supplement S4.2 for rationale).
aMean B weight column – This value refers to the mean B weight for all analyses that included only that given analytic specification (listed in “Specification”
column).
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(CRP spread= 33.1%, WBC spread= 42.8%), PHQ form (CRP
spread= 35.9%, WBC spread= 23.4%), and outlier treatment (CRP
spread= 13%, WBC spread= 21%).

Effects of covariate selection on PIM-depression associations
Effects of the actual choice of specific covariate(s) on effect sizes
(stratified by number of covariates) were examined by selection of
“k” number of covariates (e.g., 1–21) using different permutations
of covariates. Notable variations were seen in ranges of ORs
(reflecting odds of being “probably depressed”), see Fig. 1. For
instance, in 8-covariate models, ORs ranged from 1.032 to 1.191
for CRP. Practically, this means that in one model with eight
covariates, for example, an individual with a CRP level that was
4.58 mg/L higher (e.g., two standard deviations of CRP) than
another individual would have a 6.4% higher odds of having a
probably depressed diagnosis, but in another model with eight
different covariates, they might have a 38.2% higher odds
of having a probably depressed diagnosis. Furthermore, within
a given number of covariates, the statistical significance of
certain specifications varied, such that for CRP for instance, 67.8%
of 12-covariate models were statistically significant at p < 0.05.
Importantly, across all analyses, no single covariate was
particularly influential (WBC median OR spread= 1.111–1.128,
CRP median OR spread= 1.062–1.077), suggesting that the
choice of combination of covariates was more meaningful than
the impact of individual covariates (see Supplement S9). Notably,
our choice of order of covariates (in prior analyses in Sections
“Sample Characteristics” and “Multiverse analysis: PIMs and total
depression severity”) generally resulted in lower odds ratio in
both 4- and 8-covariate models (e.g., with up to 45% lower odds
ratios; see Supplement S8).

Multiverse analysis: PIMs and individual symptoms of
depression
Description of analyses. Multiverse analyses were done for each
individual PHQ-9 symptom stratified by gender, with presentation
of both “raw” results (using all possible analytic decisions; n= 540
specifications; see Fig. 2) and researcher-optimized results (“opt”;
n= 18 specifications), as an illustration of how our prior multiverse
analyses could guide future analyses. In optimized analyses, we
specified two analytic decisions (excluding PIM outliers based on
clinical cutoffs and not excluding any groups of participants; see
Supplement S4.D).

Summary of multiverse results. Based on both JTI and POAs, the
most robust relationships were noted to be in males, and
specifically, between WBC and anhedonia, sleep disturbance, and
appetite disturbance and between CRP and sleep disturbance, low
energy, and appetite disturbance (p(joint test)’s < 0.05; POA’s > 75%).
Supplementary Fig. S14 emphasizes the meaningfulness of
individual decisions – e.g., in examination of CRP and self-esteem
associations in males, 86% of analyses were statistically significant
when not excluding outliers, but 4% were statistically significant
when excluding clinically-based outliers.

Multiverse symptom findings for males. For JTI in both raw and
optimized analyses, for males (n= 12,744), positive associations
between WBCs and several depressive symptoms (anhedonia, sleep
disturbance, appetite disturbance, low self-esteem, psychomotor
changes, and suicidality) were identified (ORsraw= 1.038–1.056,
ORsopt= 1.042–1.074) and also positive associations between CRP
and lowmood, sleep disturbance, low energy, poor self-esteem, and
appetite disturbance (ORsraw= 1.015–1.024, ORsopt= 1.03–1.046),

Table 3. Percentage of statistically significant analyses.

Analytic decision Range of POA Decision option with highest POA Decision option with the lowest POA

Decision option POA na Decision option POA na

CRP

Number of covariates 77.7 0 90.6 11240 21 12.9 7204

PHQ form 35.9 PHQ dichotomized (>14) 62.1 8757 PHQ dichotomized (>9) 26.2 8757

Genders examined 33.1 All 56.2 13135 Female 23.1 6469

Exclusion of cohort 24.4 None (no exclusion) 55.7 12145 Exclude any illness/
medication

31.3 7914

Outlier treatment 13 Keep all 49.5 9201 Exclude elevated WBC/CRP 36.5 8002

Covariate dichotomization 4.7 Dichotomize half 45.3 8756 No modification 40.6 8756

PIM binning 1.3 Tertile 44.6 8757 Quartile 43.3 8757

PIM transformation 0.9 Log 44.2 8757 None 43.3 8757

WBC

Exclusion of cohort 63.7 None (no exclusion) 65.6 12204 Exclude non-depressed 1.9 1018

Number of covariates 55 0 81.1 11357 21 26.2 7224

Genders examined 42.8 All 61.3 13197 Female 18.5 6502

PHQ form 23.4 PHQ continuous (NB) 54.1 8797 PHQ dichotomized (>7) 30.8 8797

Outlier treatment 21 Winsorize 54.5 9221 Exclude elevated WBC/CRP 33.5 8023

Covariate dichotomization 5.9 Dichotomize half 49.2 8797 No modification 43.3 8797

PIM binning 1.4 Quartile 46.9 8797 Tertile 45.4 8797

PIM transformation 0.6 Log 46.3 8797 None 45.8 8797

This table indicates range of percentage of analysis with p < 0.05 (POAp < 0.05) across a given analytic decision, along with details of the decision option with
both the lowest and highest POA. Using CRP as an example, this would indicate that (in the context of all other possible analytic decisions), analyses with 0
covariates would be statistically significant at p < 0.05 in 90.6% of analyses, while analyses with 21 covariates would be statistically significant at p < 0.05 in
12.9% of all models. Caution should be used in interpreting such differences amongst vastly different sample sizes (e.g., differing by an order of magnitude), as
smaller samples might have a lower POA due to less power.
NB Negative binomial linear regression.
aNote that mean sample size (n) is lower in some analytic decisions related to covariates due to incomplete data across the set of 21 covariates.
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with Supplement S10 presenting full JTI details. For POA, in males,
WBC-symptom associations with POAs > 75% (either optimized or
raw) (see Supplement S11) included appetite, anhedonia, and sleep,
while for CRP-symptom associations, these included energy, sleep,
and appetite.

Multiverse symptom findings for females. For JTI in both raw and
optimized analyses, for females (n= 13,218), only negative
associations were noted between CRP and self-esteem/low mood

(ORraw= 0.988 to 0.99, ORsopt= 0.972 to 0.975), with no significant
associations found between WBC and any symptom. No associa-
tions had POA > 75% for females.

Exploratory multiverse analysis: moderators of the PIM and
depression relationship
In multiverse analyses of moderators, the only moderator significant
across inferential tests and with qualitatively moderate POAs
(>25%) was race/ethnicity (for both CRP and WBC), suggesting this

Fig. 1 Associations of covariate choice with ORs and POA. Histograms (with number of covariates in the gray box above histogram)
representing ORs frequencies across up to 2000 unique combinations of covariate for each covariate number. Text in blue (and the blue line)
indicates the median ORs for each covariate set with the given number of covariates. The black text indicates POAp<0.05. Thus, for example, for
CRP, 100% of analyses that included different combinations of 4 covariates were statistically significant (with the median OR across all such
analyses being 1.16), while 68% of analyses that included different combinations of 12 covariates were statistically significant (with the median
OR across all such analyses being 1.08). Statistical Model: Logistic regression model: PHQ probable depression (presence/absence)= β0+ β1*PIM+
covariates (variable number).
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might be the the most reproducible moderator (see Supple-
ment S15). For CRP, only three moderators were robust against
analytic decisions by joint tests for inference; participants with
greater levels of poverty, non-Hispanic Caucasian race/ethnicity
(compared to minoritized races/ethnicities), and NSAID use had
stronger CRP – depression associations (pMBW’s < 0.05, pSSDR’s <
0.05, pSZ’s < 0.05). For WBC, six moderators were robust against
analytic decisions; participants with antidepressant use, a greater
number of chronic medical illnesses, unmarried/single relationship
status, greater levels of poverty, non-Hispanic Caucasian race/
ethnicity (compared to minoritized races/ethnicities) and any
medication use had stronger WBC – depression associations
(pMBW’s < 0.05, pSSDR’s < 0.05, pSZ’s < 0.05). Across all moderators,
POAs ranged from 0.8 to 47.9% for WBC and 1.1 to 32.3% for CRP.

DISCUSSION
Our multiverse analysis in a large cohort (n= 25,962) examining
associations between peripheral inflammatory markers and
depression supports the overall robustness of these well-studied
associations, but also lays bare the many ways in which the
analytic decisions of researchers have meaningful effects on both
the magnitude of effect sizes and the possibility that a given
association could be statistically significant. Particularly, a wide
range of analytic decisions (in our analysis, 58,000+) could be
reasonably justified by equally-knowledgeable researchers for a
relatively simple examination of association between PIMs and
depression severity. Different choices of analytic decisions could

lead to a range of effect sizes for PIM-depression associations (e.g.,
up to a 10-fold increase in magnitude) and large differences in the
probability that a given analysis would be statistically significant at
p < 0.05 (e.g., ranging from 13–90%), emphasizing the effects of
researcher’s degrees of freedom on the results and conclusions of
studies. Although the fragility of results under certain analytic
specifications is made more transparent, our findings provide
insight into both which associations are more robust to different
analytic decisions (e.g., more reproducible) and specific analytic
decisions that are associated with greater variance in results.
Together, these findings can guide future research into under-
standing (1) which relationships may be valuable to study more
immediately (given higher reproducibility), and (2) which relation-
ships might require more fine-grained analyses to parse the
reason (e.g., methodological or scientific) for variability between
analytic decisions.
Through use of joint tests for inference, we identify that CRP

and WBC were associated with depressive symptoms independent
of analytic decisions (for linear regression models), consistent with
a vast literature for CRP and an emerging literature for WBC.
However, the strength of these associations varied widely, with
greater effect sizes based on gender of the cohorts (males),
covariate number (fewer number of covariates), and outlier
treatment (excluding or winsorizing outliers of the respective
PIM). Similarly, less than 50% of all potential analyses in our well-
powered dataset were statistically significant, and analyses
excluding individual subgroups (e.g., based on medication use
or health status), only analyzing female participants, or using a

Fig. 2 Odds ratios and JTI by symptom – raw analyses. Plots of median odds ratios from specification curves amongst all participants
(n= 25,962), reflecting “raw” unoptimized analyses. Separate ORs are provided for each gender (identified by “M” for male, and “F” for female).
Thus, for example, males with a WBC level that was 1000 cells/µL (e.g., 1 unit of WBC count) greater than the mean WBC level had a 4.7%
greater odds of having sleep disturbance, while females with CRP that was 1mg/L greater than the mean CRP level had a 1.2% lesser odds of
having self-esteem concerns, with such tests significant by joint tests for inference. Note that unstandardized odds ratios are presented.
Coloring: Coloring of letters (M/F) indicate if these specification curves were found to be significantly different from specification curves
derived from randomly permuted PIM values (bootstraps= 1000), based on joint tests for inference. Red colors indicate having p < 0.05 on
both an effect size based inference test and a p-value based inference test, yellow indicates p < 0.05 on either type of test (but not both), and
gray indicates p > 0.05 for all joint tests. Thus, results with red coloring indicate that these are the most robust results against the given
different analytic decisions. Statistical Model: Logistic regression model for each PHQ symptom: PHQ symptom presence (presence/absence)= β0+
β1*PIM+ covariates (variable number).
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greater number of covariates were associated with lower
probabilities that a given analysis would be statistically significant
[28]. Thus, researchers attempting to understand, for instance,
mechanisms into the effects of an anti-inflammatory treatment on
depressive symptoms, would likely have a better chance of finding
a meaningful and statistically significant effect (assuming a true
effect exists) in a cohort of males and using analyses which used
fewer covariates and excluded PIM outliers. On the other hand,
much larger sample sizes (or treatments with large effect size)
might be required to detect an effect in analyses using a larger
number of covariates, examining solely females, or excluding
individuals based on medications/medical history. Though “ideal”
analytic decisions should be purely based on scientific theory and
extant evidence, the scientific evidence base frequently provides
support for a variety of decisions and individual researchers’
scientific models consistently vary (see Table 1), resulting in no
“ideal” set of analytic decisions and emphasizing the utility of
multiverse analyses to enhance reproducibility.
Importantly, we found that the actual combination of covariates

selected contributed to sizable variation in effect sizes, appearing to
be independent of effects of any one individual covariate. Such
results are not surprising given that cross-sectional analyses are
unable to fully account for relevant complex causal, bidirectional,
and/or moderation effects between PIMs, depression, and multiple
covariates [14, 29]. Unfortunately, though a simplistic recommenda-
tion regarding covariate inclusion (e.g., always including covariates
X, Y, and Z) would be preferable, inclusion of covariates may either
be necessary (e.g., if there is true linear confounding) or invalid (e.g.,
if depression has causal effects on covariates), and cross-sectional
analyses cannot adjudicate the “true” role of such covariates. Thus,
researchers should transparently examine a wide range of subsets
of potential covariates available (as done in this multiverse analysis)
given this could greatly affect reproducibility of results. If
researchers find variance in results based on covariate selection,
then further research into such discrepancies, such as studies using
experimental designs, are likely required to identify an accurate
statistical model specification.
Our multiverse analyses also identified associations between

PIMs and specific depressive symptoms that were robust to
analytic decisions. In both raw and optimized analyses, the most
reproducible relationships were in males, and specifically,
between WBC and anhedonia, sleep, and appetite and between
CRP and sleep, energy, and appetite. Notably, for males,
reproducibility defined by effect size (based on JTI) and defined
by p-values differed from one another on 5/9 symptoms, for both
WBC and CRP. Though debate on the meaningfulness of effect
sizes versus statistical significance based on p values exists, our
multiverse analysis provides the benefit that it allows determina-
tion of reproducibility of either of these metrics.
Our findings in the present study are novel and impactful for

several reasons. At its core, our analysis is the first multiverse
analysis to examine well-studied biological markers (e.g., CRP) as
they relate to depression. Hopefully, our analyses will motivate
other researchers to use multiverse analyses when examining
complex phenomenon such as depression. Our novel findings
relate to both identifying wide variations in the strength and the
presence of PIM-depression associations based on analytic
decisions, and also recognition of the degree to which these
associations are reproducible across a range of analytic decisions,
by using both descriptive statistics and statistical inference.
Particularly, our multiverse analyses examining PIM-symptom
relationships and moderator effects allows recognition of the
most reproducible relationships for these sets of analyses, which is
a major challenge in the field, and which has not been done by
either individual studies or meta-analyses [7]. Second, compared
to other multiverse analyses (generally examining ≤5 decisions
and ≤5000 analytic combinations), our analyses greatly extend the
number of commonly used analytic decisions assessed (total 9

decisions), types of analytic decisions used (e.g., log-transforma-
tion, covariates), and total analytic combinations (58,320 specifica-
tions) [2, 30–32]. Third, as opposed to other individual studies and
meta-analyses examining PIMs and depression, we also specifically
identify which common analytic decisions (from a broad array of
decisions) may greatly impact the strength of PIM-depression
associations or statistical significance of results (e.g., genders
included in analyses and number of covariates), highlighting that
these decisions should be more carefully considered in future
analyses to ensure reproducibility. Importantly, though larger
studies such as meta-analyses can be useful, such analyses
incorporate their own analytic decisions (e.g., definition of
outcome, study inclusion criterion) and are limited to analytic
choices and datasets present in the individual studies that
comprise the meta-analysis. These factors may greatly limit the
reproducibility of findings from meta-analyses, as shown by
multiverse analyses of meta-analyses in other fields [33].
On an exploratory basis, we conducted multiverse analyses of

different potential moderators affecting PIM and depression
associations, identifying that race/ethnicity for both WBC and
CRP appeared to be a reproducible moderator based on both
inferential testing and POA. Several other moderators for WBC or
CRP appeared to have associations that were robust across
analytic decisions by joint tests for inference, including medication
use, marital status, poverty level, and number of chronic illnesses.
Our findings of reproducible moderators here overlapped with
some moderators identified in prior studies, including research by
our own group [14]. However, our results also diverged from prior
findings by both identifying some reproducible moderators that
were not identified in those prior isolated analyses (e.g., marital
status for WBC) and also noting that previously identified
moderators were not robust against analytic decisions (e.g., BMI
for CRP). Our multiverse findings related to moderation analyses
emphasize that any given individual analysis (including our
own prior analyses!) can have fragility in results due to choices
of individual analytic decisions and that multiverse analyses
enhance reproducibility by making more clear which findings are
not influenced by this choice of analytic decisions.
In addition to broadly identifying research findings that have

greater reproducibility across different analytic decisions, many
benefits of multiverse analysis exist (see Supplement S13). First,
multiverse analysis can spark future research studies for both
reproducible findings and less reproducible findings, exploring
respectively the mechanisms and factors related to concordance
or discordance. Second, multiverse analyses can guide an
individual researcher’s decision-making based on identification
of which decision options result in more reproducible results.
Third, multiverse analyses are flexible, allowing addition and
removal of decisions. Notably, even pre-registered studies, meta-
analyses, randomized controlled trials, and Bayesian analyses are
vulnerable to arbitrary decisions of individual researchers,
potentially benefiting from multiverse analyses [34, 35]. As noted
by others, these benefits of multiverse analyses will likely not be
realized unless editors and peer reviewers recognize the scientific
utility of the transparency of multiverse, given major disincentives
against publishing multiverse analyses (e.g., presentation of results
that may not be statistically significant and/or contrary to author’s
hypothesis) [36].
A limitation of our analysis is that it is not exhaustive, but rather

provides an initial step to identifying more reproducible relation-
ships and increasing transparency of analyses, particularly for PIM-
depression associations. We were also not able to examine all
relevant decisions given the computational complexity and scope
of the undertaking for a single, first-of-its-kind manuscript.
Examples of other decisions include model specification choices
(e.g., non-linear relationships), data imputation effects, or examin-
ing of “composite” PIM values. More broadly, these multiverse
analyses do not provide researchers the “correct” analytic decision
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(but rather identify how such decisions affect given associations)
and the meaningfulness of analytic decisions are dependent on
other analytic decisions included in the multiverse. As with any
other analysis, multiverse analyses are limited by intrinsic study
sample characteristics (e.g., limited variability in a measure or
covariate), emphasizing the need of multiverse analyses in
different study cohorts to further enhance replicability. Also,
PHQ scores and some covariates were self-reported, though these
variables (e.g., past medical illness) have fair concordance with
clinical measures [17, 37]. Importantly, our analyses only examined
cross-sectional associations between PIMs and depression, and
given that a limited number of longitudinal studies have identified
relationships between PIMs and prospective depression, future
multiverse studies would benefit by examining these potentially
meaningfully longitudinal associations [28, 38].
Other interesting findings emerged in our analyses. In our

cohort including several cycles of NHANES, the rate of probable
depression was 8%, yet the mean CRP level was >4mg/L and 35%
of the sample had a CRP > 3mg/L (see Supplement S2), suggest-
ing limited specificity of low-grade inflammation with probable
depression diagnosis. Also, females had overall weaker associa-
tions between total depression severity and PIMs, as compared to
males. Consistently, higher PIM levels were associated with lower
levels of some specific depressive symptoms in females but higher
levels of the same depressive symptoms in males. These findings
emphasize the complex relationship between depression and low-
grade inflammation and consequently, the need to understand,
through multiverse analyses, factors that might either enhance or
reduce depression-PIM associations (e.g., moderators) or how
specific features of depression are related to PIMs.
Thus, in our multiverse analysis in the well-powered NHANES

dataset (n= 25,962), we find that associations between PIMs and
total depression severity exist independent of potential variation in
analytic decisions. However, significant variability exists in both
effect sizes of associations and probability of an individual analysis
being statistically significant, based on a wide range of individual
analytic decisions. At the symptom level, we also demonstrated
how multiverse analysis can be used to guide and optimize
analyses, identifying more reproducible PIM-symptoms associations
(e.g., WBC-sleep associations in males). All study analyses include
analytic decisions and thus are vulnerable to effects of such
decisions, and thus, multiverse analyses improve the chance of
independent replication of study results. Given that advancement in
science fundamentally involves contributions by different research
groups, such analyses would allow researchers to more readily build
upon others’ results, facilitating scientific discovery and efficiently
eliminating less fruitful (e.g., less reproducible) expenditures of
resources. Given the ongoing replication crisis in medicine and
science, we hope that researchers, reviewers and journal editors
adopt or encourage multiverse analyses, in the service of
accelerating the acquisition of reliable scientific knowledge.
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