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Multilevel multiverse meta-analysis
indicates lower IQ as a risk factor for
physical and mental illness
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Is lower intelligence in early life an overlooked risk factor for later physical and mental illness?
Intelligence shapes decision-making, career paths, and other health-relevant factors. However, our
understanding of its associationwith health remains limited because there is no quantitative synthesis
of the literature. Here, we conducted a comprehensive systematic review and meta-analysis of
associations between intelligence test scores and mental and physical health. We included studies
reporting standardized intelligence test scores obtained in childhood, adolescence, or early adulthood
(<21 years of age) and their association with later-life health outcomes.We excluded studies limited to
clinical populations without healthy controls. Our three-level multiverse analyses of 49 studies
(N > 2,900,000) showed a 15-point IQ disadvantage in early life was associated with a 22 percent
higher risk of later mental and physical illness (logHR = 0.20, 95% CI [0.13, 0.26]). Lower IQ predicted
disease risk across various conditions, including schizophrenia, depression, dementia, and diabetes.
Notably, the association between IQ and future health diminished with improved healthcare quality
and when education was statistically held constant. Nevertheless, a meaningful effect of intelligence
remained after adjusting for these variables. Multiple methods for detecting dissemination bias
indicated that risk of bias was low. While our summary effect estimates are precise, all included data
were collected in highly developed nations. Further, samples were predominantly male, potentially
limiting generalizability. We show that lower IQ scores in early life are linked to a higher risk of later
physical and mental illness. Improving education and healthcare quality appears as potential
measures to address the issue. This research received no specific funding.

Individuals with lower intelligence may face an increased risk of experien-
cing physical and mental health issues throughout their lives1. Lower
intelligence (as measured by standardized intelligence tests) has been
associated with a higher prevalence of physical health conditions such as
arthritis, diabetes, and stroke2–4, as well as mental health conditions such as
depression, bipolar disorder, or schizophrenia5–7. This linkage is suspected
to be partly rooted in socioeconomic factors correlatedwith intelligence, like
income and education. A higher income often means better healthcare
access and higher education typically leads to less physically demanding
jobs8,9.Health literacy, a product of education, promotes healthier behaviors,
including regular physical activity and adherence to medical treatments10,11.
Notably, however, health literacy has been suspected to be congruent with
intelligence, making it a potentially tautological construct12.

Beyond its associations with specific health behaviors, intelligence plays
a pivotal role in various life domains that, in turn, shape overall health
trajectories. Intelligence, or cognitive ability, encompasses a wide array of
mental skills such as reasoning, planning, and problem-solving13. It perme-
ates a person’s life on all levels, correlating positively with job performance,
financial success14, academic achievement15, and even attractiveness16 but
negatively with issues like delinquency and alcoholism17,18. Recognized for its
predictive power in real-world outcomes, intelligence has been increasingly
included in mortality and disease prevention models since the late 1990s,
underscoring its importance in understanding population-wide health
differentials8,19,20. In the field of cognitive epidemiology, the effects of intel-
ligence on health outcomes, including morbidity, mortality, and risk factors
like blood pressure, are examined2,21–25.
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Amajor challenge in cognitive epidemiology research is to disentangle
the effects of intelligence on health outcomes from other contributing fac-
tors. Importantly, aging affects both physical health and cognitive abilities,
and the common cause hypothesis suggests that a general health decline
impacts both, complicating the analysis of their relationship in adults. To
avoid these reverse causation issues, especially in studies of older popula-
tions, researchers prefer using early-life intelligence test results. Early
assessments of cognitive abilities help to more accurately determine their
influence on later health outcomes26, although itmust be acknowledged that
intelligence could already be affected by life circumstances at a young age.

Whilemost research suggests that higher intelligence is associatedwith
better health outcomes, researchers have indicated that this trend could
change direction at the upper end of the intelligence distribution. Some
investigations of highly intelligent individuals have found elevated pre-
valences of certain physical and mental health conditions27–29, suggesting
that high intelligence could be associated with specific challenges. However,
many cognitive epidemiology studies are not designed to detect such effects
because they often do not apply intelligence tests suitable to differentiate in
the high-IQ range25,30–32. A recent article based on a large dataset from the
UK Biobank did not yield evidence for the nonlinearity hypothesis33, and a
meta-analysis yielded a small, non-significant negative effect size, indicating
that gifted individuals were no more likely than the general population to
suffer from anxiety and depression34. However, the number of available
studies scrutinizing this phenomenon is limited and additional targeted
investigations of highly intelligent individuals using specialized diagnostic
instruments are necessary to draw more robust conclusions.

Understanding the relationship between intelligence and health is
important for society and its members. The available evidence suggests that
individualswith low intelligence comprise anat-risk group that is vulnerable
to illness and consequently may benefit from investments in interventions
alleviating the risk35.However, despite considerable research advances in the
past decades, the intelligence and health association remains elusive because
its generality and moderators are poorly understood. Prior meta-analyses
have explored the link between intelligence and specific outcomes like
mortality, cardiovascular events, stroke risk, and schizophrenia36–39.
Nevertheless, a systematic account of intelligence as a predictor for health
outcomes in general is needed.

Here, we provide a formal systematic review and multiverse meta-
analysis of the association of early-life intelligence with later physical and
mental illness. This approach allows us to quantitatively examine the gen-
erality of the intelligence and health link as well as possible effect differ-
entiation according to moderating variables. Unlike earlier research that
concentrated on individual health conditions in isolation, the present
research synthesis includes all relevant literature on the intelligence and
health link. It thus enables us to draw conclusions about how the association
varies across diseases with different causes and susceptibilities to behavioral
influences. We are the first to apply a multilevel-multiverse approach (i.e.,
specification curve and combinatorial meta-analysis) to meta-analytically
examine the link between intelligence and physical and mental illnesses as
well as the impact of different study methodologies and data analysis
methods on this link. This approach enables more reliable conclusions
about the universality and robustness of the overall effect sizes compared to
traditional meta-analysis. Additionally, we examine the role of further
important influences such as access to healthcare and education. We
complement these analyseswith two interactive,web-baseddashboards that
allow readers to examine the results in considerable detail (available at
https://pietschniglab.univie.ac.at/?page_id=11). Overall, we present a
comprehensive, quantitative overview of the intelligence-health link based
on data from almost three million individuals.

In summary, we first expected that lower IQ in early life would be
associated with an increased risk of developing physical and mental health
disorders in later life. Second,we expected that the associationwould vary by
condition. Third, we expected that moderators, such as education, would
explain a meaningful portion of the variance in the association.

Methods
This study followed the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses guidelines (PRISMA40; checklists available in Supple-
mentary Tables 3 and 4) and was pre-registered (05/19/2023; available at
https://aspredicted.org/THW_QG5). We made post-hoc changes to the
registered protocol, such as including studies that reported hazard ratios
(HRs) as effect sizes. Further, we used multilevel models to account for
sample overlap, requiring different publication bias methods. Additional
moderator analyseswere conducted (e.g., assessment age, follow-up time, or
healthcare access and quality). A full account of all deviations can be found
in SupplementaryMethods 2. Because this is a research synthesis, nohuman
or animal subjectswere involved in thiswork.Thus, no approval by anethics
board was required41.

Literature search
We conducted a systematic review and meta-analysis of all studies
reporting associations between early-life intelligence and later-life health
outcomes. Searching PubMed, Scopus, andWeb of Science, we identified
68,218 potentially relevant records. We used a search term combining
“intelligence” and a range of synonyms with “health” and related con-
cepts. To ensure broad coverage, we also included mortality-related
terms to identify and include studies addressing both mortality and
morbidity. The search queries are available in Supplementary Methods 1.
Additionally, we screened the reference lists of one review, presenting the
arguably most comprehensive overview of the topic to date, and three
meta-analyses of subsets of the literature to identify further includable
studies1,37–39.

Study selection
We used the following inclusion and exclusion criteria. First, studies were
required to report standardized intelligence test scores obtained in child-
hood, adolescence, or early adulthood (<21 years of age) and their asso-
ciation with later-life health outcomes. Second, we only considered studies
with clinical health conditions as outcomes, including those that linked
physical parameters (e.g., blood pressure) or biomarkers (e.g., blood glucose
levels) to clinical diagnoses. Third, we excluded studies estimating intelli-
gence levels from later-life sociodemographic information. Fourth, studies
that focused solely on clinical patient cohortswere omitted, but case-control
studies were included. Fifth, studies that only reported associations of early-
life intelligence with mortality but did not report health outcomes were
excluded. Finally, we excluded duplicate publications of identical outcomes
based on identical data. Studies were not required to report individual-
level data.

Data extraction
Two researchers with previous experience in conducting meta-analyses
(JF and SO) independently coded primary studies between June 5, 2023,
and October 10, 2023. A random subset (15 percent of the studies) was
coded by both researchers. They initially agreed on 96 percent of the
coding; discrepancies were later resolved by consulting a third
researcher (JP). Besides various standard parameters (publication year,
publication type, etc.), we coded characteristics specific to the
intelligence-health association (health outcome, source of health out-
come, intelligence test used, etc.). Given the controversial claim that the
intelligence-health association may vary with a country’s distance from
the equator42–44, we aimed to critically evaluate this idea by incorporating
the latitudes of the data collection countries. It has also been suspected
that the intelligence-health association could be associated with a
country’s healthcare accessibility8. To test this hypothesis, we recorded
the Healthcare Access and Quality Index of the data collection countries
(HAQ45,46).

All coded study characteristics are listed in SupplementaryMethods 3;
the data and analysis code are available at https://doi.org/10.17605/OSF.
IO/ASTHV.
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Effect size metrics
We used two effect size metrics in our analysis: hazard ratio (HR) and odds
ratio (OR).HRs, used in time-to-event analyses47, cannot be converted into
othermetrics48, so we synthesizedHRs andORs in two separate branches of
analysis.HRs andORs are interpreted similarly. In thepresent context, a one
standarddeviationdecrease in IQ (i.e., 15 points) is associatedwitha specific
risk increase for the respective health condition (e.g., logHR/OR = 0.18,
equal to HR/OR = 1.20 or a 20% risk increase).

Effect sizes were obtained from within-study reporting or calculated
fromgroupmeans and standarddeviations49.When standard errors forHRs
and ORs were unavailable, we computed them based on the confidence
intervals of effect sizes48.We inverted any effect sizes reported in the reverse
direction tomaintain a consistent effect size interpretation.We transformed
HRs andORs using the natural logarithm for data analysis and maintained
this logarithmic scale in presenting results and figures, thus ensuring cen-
tered values around zero for linear interpretation, in contrast to the curvi-
linear nature of non-transformedHRs or ORs48.

Additional details about effect size calculations are provided in Sup-
plementary Methods 4.

Sample overlap
Several studies used overlapping participant groups, thus violating the
independence assumptionof standardmeta-analyticmethods. For example,
four included studies reported data from the NLSY 1979 cohort and con-
tributed 18 effect sizes2,50–52. To address the non-independence resulting
from multiple effect sizes from overlapping samples, we used multilevel
models with restricted maximum likelihood and cluster-robust estimators
to be able to include all available information53. Notably, we assumed effect
sizes not to be nested within reports but within participant cohorts. Mul-
tilevel I2 values were calculated according to the approach described by
Viechtbauer54.

Effect size interpretation
Typically, Cohen d values of 0.20, 0.50, and 0.80 are interpreted as lower
thresholds of small, medium, and large effects55. However, given intelli-
gence’s impact on countless decisions in every person’s life, seemingly small
inter-individual differences can compound into large-scale societal con-
sequences. Therefore, we adopt alternative benchmarks with d = 0.10
representing a very small but impactful effect over a short period, d = 0.20 a
small effect with long-term implications, d = 0.41 as a moderately-sized
effect with immediate practical value, and d = 0.63 as a large effect that is
“powerful in both the short and the long run”56, p. 156. These correspond to
logHR/logOR values of 0.18, 0.36, 0.74, and 1.14.

Data synthesis
Weperformed twomain analyses forHRs andORs. The effect sizes from the
included studies were synthesized using multilevel random-effects models
with cluster-robust sandwich estimators; this technique is typically applied
in data structures with overlapping study samples57. Subsequently, we
separately examined unadjusted and adjusted effect sizes. The former
comprise effect sizes from studies that did not include any covariates in their
analytic models apart from age and sex (controlling for age and sex is
standard procedure in this field26); the latter comprise effect sizes from
studies that did include additional covariates (e.g., education or socio-
economic status). Adjusting for covariates can be problematic, as including
variables that correlate with intelligence (e.g., education) might remove
variance attributable to intelligence and can thus yield underestimated
results58. In further subgroup analyses, we calculated summary effects
according to health conditions for which at least two effect sizes were
available. Multilevel mixed-effects meta-regressions were conducted to
assess the possible influences ofmoderators. There has beenmuch debate in
the literature about the causal roots and moderating influences underlying
the intelligence-health association8,26,59. To shed light on these hypotheses,
we selected variables that had been previously suspected to influence the
intelligence-health association, such as socioeconomic conditions or

education1. Each moderator was tested individually. All subgroups and
moderators are listed in Supplementary Methods 4.

In a meta-analysis, several decisions must be made regarding which
data to include and how to analyze them. This “garden of forking paths”60

can introduce bias, as different choices – such as selecting specific subsets
of studies or using a fixed-effect vs. random-effects model – may lead to
varying summary effect sizes. To address this, we conducted a multi-
verse/specification curve analysis. This relatively recent method allows
researchers to compute summary effect estimates for many different
study subsets. In this framework, a specification refers to a combination
of certain study characteristics and analytic choices. For example, one
specification might include only studies conducted in Denmark, using
health outcomes from national register data, reporting analytic models
adjusted for education, and synthesized using maximum-likelihood
estimation. Multiverse analysis systematically compares all such combi-
nations, providing a more comprehensive view of how study character-
istics and analytic choices influence the results and yielding an aggregate
effect size across the specifications61. Given overlapping effect sizes in our
sample, we adapted our approach for dependent data in a multilevel
framework62, consequently conducting distinct multiverse analyses for
both HRs and ORs. The distribution of the resulting meta-analytic
summary effects was evaluated against the null hypothesis of no sig-
nificant effect using a bootstrap approach61,62. For each specification, 1000
random effect sizes were drawn from a normal distribution with a mean
of zero and a standard deviation equal to each study’s observed standard
error. The observed effect sizes were then compared with the range of
randomly generated effect sizes.

In combinatorial meta-analyses, the number of models can quickly
increase to exceed reasonable computation times (259-1 models forHRs and
252-1 models for ORs). Thus, we ran a random set of 1,000,000 summary
effect estimates. For these analyses, two-levelmodelswere used; calculations
were carried out separately for HRs and ORs.

We first visually inspected contour-enhanced color-coded funnel plots
to assess potential dissemination bias in multilevel meta-analyses63. In the
absence of dissemination bias, the studies should be arranged in the shape of
a symmetrical, upside-down funnel; an asymmetrical shape indicates
potential bias64. In addition, we applied multilevel Egger’s regression. This
method is a formalized test of funnel plot asymmetry adapted for dependent
data structures65. We further applied an alternative variant of Egger’s
regression – multilevel meta-regression combined with robust variance
estimation using sandwich estimators65. Finally, we applied a three-
parameter selection model (3PSM). The 3PSMmethod involves randomly
selecting one effect size for each cluster and subsequently computing a
weight-function model to the sampled data65.

For analyses, we usedR version 4.2.266.Meta-analytic calculationswere
performed usingmetafor67. Figures and tables were created using ggplot268,
metaviz69, and rempsyc70.

Results
Weidentified49articles comprising151 effect sizes (79HRs; 72ORs) eligible
for inclusion2–5,7,17,30,31,50–52,71–108. Notably, the initial study pool of
38,509 studies shrunk considerably because applying our selection criteria
led to the exclusion of 98.74 percent of studies. Most studies were ineligible
because they did not include a measure of early-life intelligence.

The literature selection process is shown in Fig. 1; the included articles
and effects sizes are listed in Supplementary Table 1.

Data from 2,916,312 individuals were included in our analyses (Mdn
n = 6923). Samples were predominantly male, with men outnumbering
women at a ratio of about 10:1 (Nmen = 2,551,980;Nwomen = 332,382). Some
studies reported data from overlapping participant cohorts. Thus, the
number of independent samples was lower than the number of articles (30
independent samples in 49 articles). Most samples were from the UK (10,
including 3 from Scotland and 1 from England), followed by the USA (9
independent samples), Denmark (3), Sweden (3), Israel (2), and with Fin-
land, New Zealand, and Norway each contributing one sample.
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The mean age at intelligence assessment was 14.12 years (SD = 4.38).
Health outcomes were assessed at a mean follow-up time of 34.10 years
(SD = 16.81) after the intelligence assessment. Almost all sampleswere from
cohort studies, while only one was from a case-control study, and all studies
had been published.

We provide further information on the study characteristics (e.g.,
intelligencemeasures used in the respective studies, health outcome source,
among others) in the meta-analytic dataset, available at https://doi.org/10.
17605/OSF.IO/ASTHV.

We ran independent analyses for HRs and ORs using multilevel
meta-analyses with effect sizes nested within participant cohorts. Com-
bining HRs, irrespective of health condition, yielded a summary effect of
logHR = 0.20, 95% CI [0.13; 0.26], while combining all ORs yielded a
slightly larger summary effect size with a wider confidence interval,
logOR = 0.31, 95% CI [0.17; 0.46]. Thus, with each SD disadvantage in
intelligence, the risk of developing a given health condition was 22
percent and 36 percent higher, respectively. Note that these analyses
included a variety of studies including different covariates in their models
(e.g., sex, socioeconomic variables, or education). We ran additional
analyses in which we only included unadjusted models (i.e., models that
did not report any covariates in addition to age and sex). We observed
slightly larger summary effects in these analyses (logHR = 0.24, 95% CI
[0.16; 0.32]; logOR = 0.38, 95% CI [0.22; 0.55]). Synthesizing covariate-
adjusted models (i.e., models that did include covariates in addition to
age and sex, such as education, socioeconomic status, or multiple vari-
ables) attenuated the effect sizes in HRs, while the model remained sta-
tistically significant (logHR = 0.17, 95% CI [0.09; 0.24]). Conversely, the
covariate-adjusted model was no longer statistically significant and
exhibited wider CIs in ORs compared to HRs (logOR = 0.08, 95% CI
[−0.13; 0.28]). Figures 2 and 3 show forest plots of the main analyses;
Table 1 contains numerical details.

Subgroup analyses according to health condition
We ran multilevel random-effects models within all health conditions for
which at least two effect sizes were available. For the full results, see Table 2.

Schizophrenia showed the largest summary effect (logOR = 0.70, 95%
CI [0.53; 0.88]), while cancer showed no significant effect (logHR =−0.01,
95% CI [−0.21; 0.20]; logOR =−0.06, 95% CI [−0.20; 0.08]).

Analyses for HRs and ORs yielded differential effects. For HRs, effect
sizes ranged from logHR = 0.40, 95% CI [0.37; 0.43] for alcohol- and drug-
related disorders to logHR=−0.01, 95% CI [−0.21; 0.20] for cancer. All
summary effects showed positive directions, with cancer being the only
exception. For ORs, effect sizes ranged from logOR = 0.70, 95% CI [0.53;
0.88] for schizophrenia to logOR =−0.06, 95% CI [−0.20; 0.08] for cancer.
All summary logORs showed positive directions, except for cancer and,
unexpectedly, alcohol- and drug-related disorders which showed incon-
sistent signs between HRs and ORs.

Moderator analyses
We examined moderator effects through multilevel mixed-effects meta-
regressions (Supplementary Table 2). InHRs, effect sizes were significantly
differentiated according to data collection country; studies from England
yielded a 0.24-point lower estimate compared to Denmark, while studies
from Israel yielded a 0.67-point higher estimate. Number of men within
samples (henceforth:male percentage), age at intelligence assessment, age at
health measurement, follow-up time, latitude, Healthcare Access and
Quality Index (HAQ), health outcome source, number of covariates, and
covariates, in addition to age and sex, did not significantly influence
effect sizes.

In ORs, the HAQ showed a significant negative influence on effect
sizes; countries with a one-standard-deviation higher HAQ showed a 0.02-
point lower effect size. Effects were again observed to be differentiated
according to country. Moreover, cohort studies showed smaller effect sizes
compared to case-control studies. Studies that examined data from hospi-
talized patients exhibited larger effect sizes than those based on physical or
psychiatric examinations, register data, or self-report data. Each additional
covariate in a model was associated with a 0.03-point lower logOR. Among
specific covariates, models adjusted for either adult socioeconomic status
(SES), parental SES, or education showed smaller effect sizes than unad-
justed models. Adjusting for education had the most substantial impact on
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Fig. 1 | PRISMA flowchart of the literature selection process. Illustration of the process of literature search and selection, following the well-established PRISMA
guidelines.
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effect sizes while adjusting for multiple variables did not significantly alter
effect sizes. Male percentage, age at intelligence assessment, age at health
measurement, follow-up time, latitude, and effect size origindidnot account
for a meaningful portion of variance among effect sizes.

Publication bias
None of the four methods indicated evidence of publication bias in HRs
(Egger’s multilevel meta-regression: z =−1.04, p = 0.30; Egger’s regression
with robust variance estimation: t =−0.08, p= 0.94; 3PSM: χ21 = 1.41,
p= 0.24). However, all approaches indicated that the summary effect might
be somewhat inflated inORs, as enhanced Egger’s multilevel meta-regression
(z= 3.02, p = 0.003), Egger’s regression with robust variance estimation
(t= 2.99, p= 0.02), and the 3PSM approach yielded significant results
(χ21 = 4.62, p= 0.03); the funnel plot suggested a slight overrepresentation of

smaller effect sizes in lower-powered studies. However, median power
among participant cohorts was high (HR MdnPower = 93.10%; OR
MdnPower = 99.90%). See Supplementary Figs. 1 and 2 for additional details.

Specification curve analysis
Two interactive, web-based dashboards (available at https://pietschniglab.
univie.ac.at/?page_id=11) allow readers to examine our specification curve
and multiverse analyses in great detail (we recommend viewing the appli-
cation on a large, high-resolution screen). In all, specification curve analyses
showed small andpredominantly positive summary effect sizes inHRs, with
54 out of 58 specifications reaching statistical significance, indicating a
remarkable generality of the intelligence and health link. In other words, it
neither mattered which subsets of studies were combined meta-analytically
nor which meta-analytical estimators were used – the effect size remained
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Fig. 2 | Forest plot for the meta-analysis of HRs. Squares represent logHRs from
unadjusted models, circles represent logHRs from adjusted models. Larger symbol
sizes indicate higher study precision. The colors of symbols and confidence intervals

indicate disease type. logHR = 0.00 is provided as reference line. Diamonds indicate
summary (i.e., pooled) effects and confidence intervals from multilevel models for
the overall model as well as for unadjusted and adjusted effect syntheses.
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meaningful and positive. The median effect size was logHR = 0.20, sup-
porting the meaningful, positive association between early-life intelligence
and later health outcomes. The smallest effects were found in studies using
register data and adjusting for education, whereas the largest ones were

observed in analyseswithout any adjustments (seeFig. 4 andSupplementary
Fig. 3). InORs, the results were less consistent, with 52 out of 76 effect sizes
reaching statistical significance. The median effect size (logOR = 0.20) was
virtually identical compared toHRs, although the variability was larger. The
smallest effect sizes in ORs were observed in UK studies with self-reported
health data and the largest in studies without covariate adjustments (Fig. 5
and Supplementary Fig. 4).

Combinatorial meta-analysis
In combinatorial meta-analyses, effect sizes from a large number of ran-
domly combined study subsets were examined, indicating that the meta-
analytic effect estimates in HRs and ORs were not substantially affected by
leverage points and outliers. Moreover, no distinct patterns of effect sub-
groups emerged, thus corroborating the generality of the intelligence and
health link (see GOSH plots in Supplementary Figs. 5 and 6).

Discussion
In this meta-analysis of almost three million individuals, we demonstrate
that lower scores on standardized intelligence tests in early life are associated
with a higher risk of mental and physical illnesses in later life. The effect
proved robust and generalizable across various health conditions.

Fig. 3 | Forest plot for the meta-analysis of ORs. Squares represent logORs from
unadjusted models, circles represent logORs from adjusted models. Larger square
and circle sizes indicate higher study precision. The colors of symbols and con-
fidence intervals indicate disease type. logOR = 0.00 is provided as reference line.

Diamonds indicate summary (i.e., pooled) effects and confidence intervals from
multilevel models for the overall model as well as for unadjusted and adjusted effect
syntheses. The arrows on some confidence intervals indicate that the interval has
been shortened to decrease the plotting area.

Table 1 | Multilevel meta-analyses

Model k Summary effect
(95% CI)

p I2

HRs

Overall 79 0.20*** [0.13; 0.26] <0.001 99.56

Unadjusted 36 0.24*** [0.16; 0.32] <0.001 99.67

Adjusted 43 0.17** [0.09; 0.24] 0.002 99.26

ORs

Overall 72 0.31*** [0.17; 0.46] <0.001 97.35

Unadjusted 49 0.38*** [0.22; 0.55] <0.001 96.41

Adjusted 23 0.08 [−0.13; 0.28] 0.364 96.22

k number of studies, HRs hazard ratios, ORs odds ratios, I2 proportion of variance explained by
between-study heterogeneity.
***p < 0.001.
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Specifically, a 15-point lower IQwas linked toa22%(hazard ratios) and36%
(odds ratios) higher risk of illness, respectively. Our findings have con-
siderable societal implications, identifying individuals with lower early-life
intelligence as an at-risk group for various health problems. In terms of
strength, the effects we found were modest. However, on a societal scale,
minor associations can lead to major impacts, as evidenced by how a small
increase inmental health issues during theCOVID-19 pandemic drastically
strained health services globally109,110.

Our analyses reveal that the association of intelligence with later health
diminishes when education is statistically held constant. This finding is
important for developing strategies to lower health risks in individuals with
lower intelligence, with improved education and health literacy as pro-
mising mitigating approaches. Nevertheless, despite attenuating the intel-
ligence and health link, socioeconomic and educational factors do not fully
account for the observed variance. Corroborating what many studies have
previously reported51,88,94,95,111, this indicates that education is not the sole
driver of the relationship.

The varying effect strength across health conditions suggests distinct
mechanisms linking intelligence andhealth.Mental health disorders proved
to be the most affected, with schizophrenia showing the largest effect size
among all analyses (logOR = 0.70). This is consistent with a previous meta-
analysis of intelligence and schizophrenia that yielded a similar effect39

(logOR = 0.78). Lower intelligence in individuals who later develop mental
health problems may be an early manifestation of the conditions112. Alter-
natively, higher intelligence in early life may protect against later mental
illness by improving coping strategies113 ormental health literacy50, enabling

individuals to intervene early on. Notably, recent evidence suggests a causal
genetic connection between intelligence and mental health114–116. Here, we
demonstrate a link between intelligence and health that cannot be fully
explained by socioeconomic factors. A combination of genotype and edu-
cation may explain the link between intelligence and mental health. How-
ever, as our meta-analytic evidence does not afford inferences of causality,
this must be addressed using specific research designs, such as twin studies
or genome-wide association studies.

We observed that effect sizes varied across countries. Countries with
better healthcare access and quality (i.e., HAQ index) showed smaller
associations and vice versa. Notably, all contributing countries were pre-
dominantly Western, educated, industrialized, rich, and democratic
(WEIRD117), with the least equitable healthcare system in our data (i.e., the
USA in 2019) still ranking high globally. This suggests that the effectsmight
be evenmore pronounced if countrieswith less equitable healthcare systems
were to be included. Enhancing healthcare access and quality might thus
reduce the detrimental link between low intelligence and morbidity.

In all, analyses of HRs and ORs showed similar results, although HR-
based summary effect estimates were more precise, while ORs showed
higher variability. This was especially evident in our subgroup analyses of
adjusted models, where the summary effect estimate remained statistically
significant inHRs. In contrast, the analysis yielded an imprecise, statistically
insignificant summary effect in ORs. This difference likely stems from the
heterogeneousmethodologies inOR studies. All studies reportingHRs were
cohort studies usingpatient register data or physical examinations for health
outcomes. OR studies additionally included self-reported outcomes. Con-
sequently, the larger confidence intervals in ORs suggest more inherent
variability in these analyses due to noisier data.

Notably, alcohol- and drug-related conditions showed substantial
effect sizes inHRs but trivial ones inORs. However,OR studiesmainly used
self-report questionnaires17, whileHR studies relied on more objective data
like psychiatric registers31. Our specification-curve analyses suggest that the
assessment methods impacted the findings, with self-reports reflecting
subclinical behaviors and registers indicating severe cases requiring treat-
ment. The difficulty of assessing problematic alcohol consumption is a
known issue in cognitive epidemiology. It has been proposed that indivi-
duals with higher intelligence tend to reflect more on their consumption
habits, leading to higher scores on self-report scales, while individuals with
less intelligence tend to underestimate their own consumption17.

There was evidence for some effect inflation due to publication bias
in the OR subset. Studies reporting positive effects (i.e., higher early-life
intelligence associations with lower risk) were somewhat overrepresented
among studies with smaller samples. Nevertheless, because the overall
study power was high, this is unlikely to have skewed the summary effect
estimates.

Limitations
Some limitations of this meta-analysis should be acknowledged. Many
included reports were based onmale-only conscript data5,7,108,118, with only a
few datasets (e.g., Israeli106) including women. Many cohort studies invol-
ving IQuse intelligence test scores obtained during conscription, typically at
ages 18–20. However, because womenwere exempt frommilitary service in
most countries during the 20th century, these datasets predominantly
includemen.Consequently,menoutnumberedwomen10:1 inour analyses.
Whilewe foundnomoderating effect of themale percentage inour analyses,
several studies provided analytic models adjusted for sex2,104, potentially
obscuring sex differences. Future studies should, therefore, aim to improve
female representation.

Our meta-analytic sample comprised only WEIRD countries. Even
though these countries exhibited relatively limited variability in prosperity,
variations at the country level emerged. Consequently, it is reasonable to
assume that even more substantial differences might be observed when
investigating a broader range of countries.

We found that adjusting for education reduced the association
between intelligence and health, although the effect sizes remained

Table 2 | Subgroup multilevel meta-analyses for individual
health conditions

Model k Summary effect
(95% CI)

p I2

HRs

Affective disorders 5 0.30 [−0.98; 1.59] 0.206 99.70

Alcohol- and drug-related
disorders

9 0.40** [0.37; 0.43] 0.004 99.79

Schizophrenia 5 0.35 [−0.05; 0.75] 0.065 97.19

Dementia and MCI 7 0.17 [−0.12; 0.47] 0.125 95.72

Cancer 5 −0.01 [−0.21; 0.20] 0.685 68.79

Cardiovascular disease 4 0.05 [−0.43; 0.52] 0.437 63.74

Heart diseases 20 0.20*** [0.16; 0.24] <0.001 94.50

Stroke 13 0.11* [0.04; 0.17] 0.010 91.43

Diabetes and metabolic
syndrome

5 0.24** [0.20; 0.27] 0.007 67.06

ORs

Affective disorders 7 0.29** [0.15; 0.44] 0.005 80.75

Alcohol- and drug-related
disorders

11 −0.04 [−0.65; 0.58] 0.820 92.08

General mental health
disorders

2 0.39 [−1.79; 2.56] 0.265 91.49

General psychosis 6 0.40* [0.15; 0.65] 0.020 58.01

Schizophrenia 10 0.70*** [0.53; 0.88] <0.001 93.63

Dementia and MCI 4 0.29 [−1.75; 2.32] 0.326 82.01

Respiratory disease 3 0.21 [−1.03; 1.46] 0.275 77.57

Cancer 3 −0.06 [−0.20; 0.08] 0.118 0.05

Heart diseases 4 0.13 [−0.73; 1.00] 0.297 58.29

Stroke 3 0.30 [−0.77; 1.37] 0.176 36.39

Diabetes and metabolic
syndrome

8 0.16* [0.01; 0.31] 0.041 83.04

k number of studies, HRs hazard ratios, ORs odds ratios, I2 proportion of variance explained by
between-study heterogeneity.
*p < 0.05; **p < 0.01; ***p < 0.001.
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meaningful. However, adjusting for variables closely linked to intelligence
also decreases the variance attributable to intelligence58,119. This does not
necessarily imply that improving education or socioeconomic position
reduces the association between early-life intelligence and later health
outcomes, as these variables are in bidirectional causal relationships119.
However, some evidence from cohort studies suggests that education and
socioeconomic status mediate the relationship between intelligence and
health120. This could mean that a proportion of the intelligence-health
association is due to higher education in more intelligent individuals and
vice versa, although causal inferences cannot be drawn from these results.

Importantly, education can be enhanced through dedicated intervention
programs121–123. Some studies indicate small effects of longer education124

and more appropriate early developmental environments125,126 on
population-level intelligence. Therefore, education and socioeconomic
conditions appear as potential levers to mitigate the adverse effects of the
intelligence-health association. Future work should explore how improving
these variables can weaken the link between intelligence and alleviate the
health inequalities that may arise from it.

In our analyses, cancer showed a negligible link with intelligence.
However, intelligence-related riskbehaviors differentially affect cancer types
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Fig. 4 | Descriptive specification plot for HRs. Descriptive meta-analytic specifi-
cation plot of summary effects from all reasonable specifications for HRs. The first
panel at the top displays the participant cohorts included in each analysis. The
second panel presents the summary effect estimates for each subset along with their
95% confidence intervals; the line of null effect is indicated by a dashed horizontal
line. The third panel shows the count of participant cohorts (clusters) included in the
respective subsets. The fourth panel details the number of samples in each subset.
The final (bottom) panel explains the factors considered (“which” and “how”) in
each analysis, where spectral colors ranging from warmer to cooler signify the
precision of the estimates (from lower to higher) for the summary effects shown in
the second panel, along with their respective 95% confidence intervals. Thus, the

x-axis represents various combinations of study characteristics (specifications)
along with the corresponding samples, ordered by effect size. Here, no specifications
yielded negative effect sizes; therefore, the effect sizes are largest at the right edge of
the plot. The figure is best read by drawing an imaginary vertical line through the
panels and reading the information along this line. For example, the leftmost spe-
cification was composed of Swedish conscripts for whom register health data was
available, the analytic model was adjusted for education, and a restrictedmaximum-
likelihood estimation was applied; this combination of study characteristics exhib-
ited the smallest effect sizes amongHRs. This figure can be viewed in more detail at
https://pietschniglab.univie.ac.at/?page_id=11.
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(e.g., lung cancer, which is related to smoking behavior, vs. bone cancer,
which is not94). Therefore, the present lack of a relationship may be due to
insufficient data to examine specific cancer conditions separately. If more
data become available in the future, this limitation should be addressed in a
targeted quantitative synthesis of the relationship between intelligence and
different types of cancer.

Conclusions
In this formal systematic review and meta-analysis of the intelligence and
health association, we show that individuals with lower intelligence test
scores in early life face an increased risk of bothphysical andmental illnesses

in later life. This pattern emerged across various health conditions, with the
strongest associations observed for mental health. Enhancing the quality of
education and healthcare may not eliminate but could mitigate the adverse
health impacts associated with lower intelligence. Public health strategies
could, therefore, aim to improve general and health-specific education as
well as access to high-quality healthcare to potentially address health con-
cerns linked to lower intelligence.

Data availability
The data used in this meta-analysis is available at https://doi.org/10.17605/
OSF.IO/ASTHV. The repository contains an R data file (.RDS; can be
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Fig. 5 | Descriptive specification plot for ORs. Descriptive meta-analytic specifi-
cation plot of summary effects from all reasonable specifications for ORs. The first
panel at the top displays the participant cohorts included in each analysis. The
second panel presents the summary effect estimates for each subset along with their
95% confidence intervals. The third panel shows the count of participant cohorts
(clusters) included in the respective subsets. The fourth panel details the number of
samples in each subset. The final (bottom) panel explains the factors considered
(“which” and “how”) in each analysis, where spectral colors ranging fromwarmer to
cooler signify the precision of the estimates (from lower to higher) for the summary
effects shown in the second panel, along with their respective 95% confidence

intervals. Here, few specifications yielded negative effect sizes; therefore, the effect
sizes are largest at the right edge of the plot. The figure is best read by drawing an
imaginary vertical line through the panels and reading the information along this
line. For example, the leftmost specification was composed of Participants in the
1970 British Cohort study who provided self-reports of their health outcomes, the
analytic model was adjusted for parental socioeconomic status, and a restricted
maximum-likelihood estimation was applied; this combination of study char-
acteristics exhibited the smallest effect sizes amongORs. This figure can be viewed in
more detail at https://pietschniglab.univie.ac.at/?page_id=11.
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imported via the R code) as well as a spreadsheet version of the data (.xlsx;
can be opened via Microsoft Excel or any other spreadsheet software).

Code availability
The analysis codeused in thismeta-analysis is available at https://doi.org/10.
17605/OSF.IO/ASTHV. The repository contains a code file (.R; can be
opened with a text editor and executed via R).
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