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Many studies have shown inverse associations between childhood adversity and intelligence, althoughmost are based
on small clinical samples and fail to account for the effects of multiple co-occurring adversities. Using data from the
2001–2004 National Comorbidity Survey Adolescent Supplement, a cross-sectional US population study of adolescents
aged 13–18 years (n = 10,073), we examined the associations between 11 childhood adversities and intelligence, using
targetedmaximum likelihood estimation. Targeted maximum likelihood estimation incorporates machine learning to iden-
tify the relationships between exposures and outcomes without overfitting, including interactions and nonlinearity. The
nonverbal score from the Kaufman Brief Intelligence Test was used as a standardized measure of fluid reasoning. Child-
hood adversities were grouped into deprivation and threat types based on recent conceptual models. Adjusted marginal
mean differences compared the mean intelligence score if all adolescents experienced each adversity to the mean in the
absence of the adversity. The largest associations were observed for deprivation-type experiences, including poverty and
low parental education, which were related to reduced intelligence. Although lower in magnitude, threat events related to
intelligence included physical abuse and witnessing domestic violence. Violence prevention and poverty-reduction mea-
sureswould likely improve childhood cognitive outcomes.

childhood adversity; fluid reasoning; targetedmaximum likelihood estimation

Abbreviations: K-BIT, KaufmanBrief Intelligence Test; SES, socioeconomic status; TMLE, targetedmaximum likelihood estimation.

Adversity experienced during childhood and adolescence can
have substantial consequences for developmental processes
throughout the life course (1). Childhood adversity refers to
a broad array of negative events experienced during the early
years of life and into adolescence (2). The consequences of
childhood adversity may affect social (3, 4), affective (5, 6), and
cognitive development (7–9). Here, we examined the links
between childhood adversity and intelligence in a general
population sample.

Intelligence is currently defined by a generalized intelligence
factor (g) that is composed of subdimensions, such as visuospatial
reasoning, language, and working memory (10, 11). A widely
accepted model of cognitive functioning distinguishes between
fluid and crystallized intelligence as 2 primary components (12).
Fluid intelligence reflects reasoning and the ability to solve novel
problems; crystallized intelligence reflects knowledge and skills

from learned experiences (13) and is considered a valid measure
of generalized intelligence (14, 15).

Studies examining the association between childhood adver-
sity and intelligence have identified negative correlations resulting
from physical and sexual abuse (16–19) and exposure to violence
(20, 21). These types of experiences are characterized as threats of
harm to one’s physical integrity (22). The effects of threat experi-
encesmay influence development of many different brain regions
through well-characterized stress pathways (23, 24), associated
with reductions in hippocampal volume and associated parahip-
pocampal regions (25–28), which may in turn influence learning
andmemory (29).

There is also evidence that growing up with chronic exposure
to neglect (30–33) and poverty (34, 35)may affect cognitive func-
tioning. These deprivation-type experiences are characterized by
an absence of expected environmental inputs (e.g., complex
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language, consistent interactions with caregivers) and an absence
of cognitive stimulation (22, 36). Children raised in environments
that may lack cognitive stimulation, including poverty, neglect,
and institutional rearing, have consistently shown reduced cogni-
tive ability, which may be mediated by accelerated and extreme
synaptic pruning in cortical regions involved in complex cogni-
tive functions in response to an absence of expected environ-
mental inputs (30, 36–39).

Childhood adversity is a multidimensional experience, which
can make it challenging to model analytically. Most studies make
unverified assumptions about the relationship between multiple
childhood adversities and related outcomes. For example, studies
often examine the effects of individual (40) or a linear accumula-
tion of adversities (41) or use a latent variable framework (42).
Applications of these approaches have relied on the assumptions
that the effect of each adversity can be estimated independently of
other adversities (i.e., no interaction between adversities), and that
the effect of cumulative exposures is linear. There are 2 additional
limitations from studies of adversity and cognition. Few studies
use a standardized measure of intelligence, making compari-
sons across studies difficult. Furthermore, most studies use
data from small samples with potentially limited generalizabil-
ity. Although these studies allow for an investigation of specific
adversities, using a national sample allows for study of a broader
set of exposures in a population-representative context, increas-
ing the likelihood that results will be broadly relevant (43).

We hypothesized that both threat- and deprivation-type adver-
sities would be significantly associated with intelligence but that
associations would be largest for adversities reflecting depriva-
tion. To address the above limitations and test this hypothesis, we
investigated the relationship between childhood adversity
and a standardized measure of intelligence in a population-
representative sample of US adolescents. We addressed the
limitations in modeling multiple adversities by examining these
relationships using targeted maximum likelihood estimation
(TMLE). TMLE is a semiparametric estimation method that can
be used to minimize bias in the relationship between each adver-
sity and the outcome, including interactions and nonlinearity (44).

METHODS

Data

Data were from the National Comorbidity Survey Adoles-
cent Supplement (NCS-A), a cross-sectional survey of a US
population-representative sample of 10,148 adolescents, aged
13–18 years, from 2001–2004 (45). The study was designed to
measure the prevalence, demographic correlates, and risk factors
for a broad range of psychiatric disorders in adolescence (46).
Participants from a school-based sample completed computer-
assisted interviews. Survey weights were developed, based on the
2000 Census frequencies, to yield population-representative esti-
mates (47). Study participants were compensated $50 for partici-
pation. Parents/guardians gave written informed consent, and
adolescent participants gave written informed assent, in accor-
dance to the procedures approved by human subjects committees
of Harvard Medical School and the University of Michigan. The
Institutional Review Board of Columbia University approved the
present analysis. Further study details can be found elsewhere

(48). The final sample included those with nonmissing outcome
and surveyweight variables (n = 10,073, 99.3%).

Outcome

The study outcomewas the nonverbal score from theKaufman
Brief Intelligence Test (K-BIT), which was developed as a stan-
dardized measure of fluid intelligence (49, 50). The K-BIT test
administration includes a series of 48 abstract questions of pro-
gressively greater difficulty. Participants answer each question in
9 sets of 5 items and 1 set of 3 items; test administration is contin-
ued until a participant answers all items in a set incorrectly. The
K-BIT has been shown to have good reliability and validity in
child, adolescent, and adult populations. For 91.1% of the sample,
raw K-BIT scores were created by summing the number of items
that a participant answered correctly. The remaining participants
received a nonstandard test administration. For example, some re-
spondents were asked only the most difficult item in each set. In
these cases, theK-BIT scorewas imputed based on the number of
correct items and the level atwhich theymet discontinuation crite-
ria (8.6%). The remaining cases received invalid test administra-
tion andwere excluded (0.3%).

The K-BIT scale was renormed to account for the size and rep-
resentativeness of the sample, as well as to update the current nor-
mative intelligence levels to account for known cohort effects of
intelligence (51, 52). Finally, the scale was standardized to a
mean of 100 and standard deviation of 15, within 6-month age
groups. The scores ranged from 42 to 137. Consistent with prior
work (15), we defined the cutoff for a low K-BIT score as greater
than 1 standard deviation below themean (i.e., 85), representing a
clinically relevant threshold for low fluid reasoning (49, 53, 54).
The final scale demonstrated excellent reliability (ω = 0.96) (55),
and a single-factor solution provided the best-fitting confirmatory
factor analytic model (15). To ensure that the estimation proce-
dure respected the observed bounds on the outcome, the outcome
was transformed from continuous to a [0,1] bounded distribution;
then results were back-transformed to yield estimated K-BIT
means.

Exposure

Eleven childhood adversities were considered, using sociode-
mographic variables and a trauma checklist administered in the
Composite International Diagnostic Interview (56) in line with
previous research (41). Items were grouped into separate threat
and deprivation domains, according to an established conceptual
framework (22). Dichotomous (ever vs. never) threat experiences
included physical abuse, domestic violence, sexual abuse, violent
victimization, witnessing violence, and emotional abuse. Depriva-
tion experiences included financial insecurity, food insecurity,
neglect, poverty (<1.5, 1.5–2.9, 3.0–5.9, or ≥6.0 times the pov-
erty level), and low parental education (some high school, high
school diploma, some college, or college degree). Web Table 1
(available at https://academic.oup.com/aje) details how the expo-
sure variableswere created.

Covariates

Models adjusted for potential confounding by including a
set of covariates that were associated with both the exposure
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and outcome. Variables included: age (range, 13–18 years), race/
ethnicity (non-Hispanic black, non-Hispanic white, Hispanic,
other), birth order (range, 1–13), nativity (US- or foreign-born),
number of biological siblings (range, 0 to 10 or more), any life-
time parent psychiatric disorder, and any lifetime parent
substance-use disorder.

Analysis

TMLE is a semiparametric method that incorporates machine
learning to maximize the accuracy for estimating a targeted expo-
sure parameter (44). This study used TMLE to estimate the study
parameters to be interpreted within a potential outcomes frame-
work. We estimated 2 parameters: 1) the differences in the
covariate-adjusted mean K-BIT score of adolescents who expe-
rienced each adversity separately compared with the mean of
those who did not experience that adversity, and 2) the risk of low
versus average K-BIT score if all adolescents had experienced a
given adversity compared with the risk in the absence of that
adversity. As a sensitivity analysis, we also fitted a set of models
including parental education as a covariate rather than an expo-
sure. Parental education has been shown to predict more proxi-
mate childhood adversities (57).

Implementation of TMLE included the following steps.
First, we fitted a regression model to calculate the expected
K-BIT score (Y), conditional on adversity status (A) and
covariate values (W), E(Y | A,W). The regression used a
cross-entropy loss to ensure that the parameter respected
the bounds of Y. Next, we estimated the propensity score for
each adversity, adjusted for model covariates: P(A = 1|W).
This score was used to update the initial outcome model in
order to minimize the bias and maximize the precision of the
targeted estimator of the parameter of interest. The resulting
estimator is asymptotically normal with a known influence
curve, thereby allowing construction of 95%Wald-type con-
fidence intervals. The machine-learning procedure was im-
plemented using the SuperLearner algorithm. SuperLearner
selects the weighted combination of estimators that best captures
the functional relationships between the set of adversities, covari-
ates, and the outcome (58). In determining the best-fitting regres-
sion estimates, several candidate estimators were considered,
including a generalized linear model with and without first-
order interactions and stepwise regression models with and
without first-order interactions. More flexible estimators were
also considered, including a generalized additive model (59) and
a single-hidden-layer neural network (60). Two algorithms were
run to consider a vector of single adversities and a cumulative
sum of adversities.

The best combination was determined via 10-fold cross-vali-
dation, whereby, for each adversity Y, an estimator of the out-
come regression was fitted on a 90% random sample of the
observed data. To prevent overfitting, cross-validated mean-
squared error was minimized through subsequent iterations
of 10% random samples of the data. The SuperLearner esti-
mate comprised a weighted proportion of all the candidate
estimates. The TMLE, which represents a fluctuation of this
initial SuperLearner estimate, provides doubly robust esti-
mates that will be unbiased if either the outcome regression
or the propensity score model is correctly specified. TMLE
was implemented using the tmle (61) and SuperLearner (62)

packages in R (R Foundation for Statistical Computing, Vienna,
Austria).

Several causal assumptions must be considered in order to
interpret the parameters of interest in a potential outcomes
framework. They have been elaborated elsewhere (for exam-
ple, in Imbens and Rubin (63)). In brief, exposuremust precede
the outcome (temporality), all confounding must be controlled
(exchangeability), one person’s potential outcomes must not
depend on another’s treatment (no interference), no unrepre-
sented versions of treatment (consistency), and individuals must
have a positive probability of receiving every level of exposure
and confounders (positivity).

With respect to temporality, all adversities occurred prior
to the K-BIT administration, although there was no measure
of intelligence prior to adversity exposures. While the esti-
mates were adjusted for confounding due to observed covari-
ates, we cannot empirically verify that the exchangeability
assumption has been met using observational data. Interfer-
ence between individuals is unlikely in a nationally representative
sample. Consistency might be violated if there is heterogeneity in
the potential outcomes of respondents who report experiencing
the same adversity. If this were to occur, the estimates could be in-
terpreted as a random draw of the variation present under each
adversity (64). The positivity assumption was assessed by exam-
ining the influence of individual observations on the estimator, as
a highly influential observation indicates near positivity violations
in that individual’s covariate strata (65). There were minimal
influential outliers in our mean difference estimates (see Web
Table 2), satisfying the positivity assumption. A description of the
influence curve quantiles can be found in Web Appendix 1.
Although many are untestable, careful consideration of these as-
sumptions allows us consider the specific strengths and limitations
of the datawith respect to a causal inference framework (66).

RESULTS

Figure 1 presents the mean differences comparing the K-BIT
scores if all adolescents had experienced a given adversity with
the mean in the absence of that adversity. There were significant
differences in K-BIT mean scores among those who reported
ever experiencing several types of threat experiences, including
physical abuse and domestic violence. Experiencing any threat
was associatedwith amean score of 1.82 (95%confidence interval:
0.82, 2.83) units lower than no threat experience. Among dep-
rivation experiences, there were significant mean differences in
K-BIT associated with a household income at the poverty line,
having parents with less than a high school diploma, and having
financial insecurity. Experiencing any deprivationwas associated
with a mean score of 2.32 (95% confidence interval: 1.21, 3.43)
units less than those with no experience of deprivation. Full re-
sults are presented in Table 1. There was no evidence of a dose-
response relationship with greater cumulative adversities.

Figure 2 presents the risk of a low versus average K-BIT
score if all adolescents had experienced a given adversity
compared with the risk in the absence of that adversity. The
risk difference of low K-BIT from experiencing any threat
was 6 cases per 100 (95% confidence interval: 0.03, 0.10).
The specific threat experiences of physical abuse, domestic
violence, and emotional abuse were significantly associated
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with a lowK-BIT score. The difference in risk of lowK-BIT from
experiencing any deprivation experience was 7 cases per 100
(95%confidence interval: 0.03, 0.11). Specifically, having parents
with less than a high school diploma and experiencing neglect
both significantly increased the risk of a lowK-BIT. There was
no evidence that the risk differences increased with greater
cumulative adversities. Full results are presented in Table 2.

Results from the sensitivity analysis, including parental edu-
cation as a covariate rather than an adversity can be found in
Web Table 3. Overall, K-BIT mean differences were attenuated
but remained significant for those experiencing any threat, living
near the poverty line, and experiencing any deprivation or any
adversity.

DISCUSSION

Using TMLE, we identified several significant relationships
between diverse forms of childhood adversity and lower levels
of fluid intelligence. These were identified by estimating differ-
ences in mean K-BIT scores in the presence and absence of the
adversities, as well as the risk of low vs. average K-BIT score.
Although both threat and deprivation types of adversities were
related to K-BIT, mean and risk differences were greater for

deprivation experiences, specifically education- and income-
related exposures that comprise low socioeconomic status
(SES). This study is strengthened by the use of a nationally rep-
resentative sample, which allows us to generalize our findings
to the US population. These results are consistent with a
large literature documenting strong associations between
SES and cognitive ability in children, including fluid reasoning
(8, 9, 67, 68). Rather than make a priori assumptions regarding
the form of the analytic models, a second strength of this study is
the use of TMLE and machine-learning methods to capture the
form of the relationships between childhood adversities, intelli-
gence, and covariates. The need to incorporate this information is
seen in the model parameter weights, which used estimates from
multiple candidate algorithms, including methods to model high-
dimensional nonlinear data with interactions between individual
exposures (see Web Appendix 1 and Web Table 4) (69). This
novel approach represents an improvement when studying
multidimensional exposures, such as childhood adversities.

An additional strength of the study is the grouping of threat and
deprivation adversities. Categorizing individual adversities in this
way may illuminate distinct pathways through which experiences
affect childhood intelligence. The effect of low SES on a child’s
cognitive development is hypothesized to be mediated through
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Figure 1. Targetedmaximum likelihood estimated differences in mean scores on the Kaufman Brief Intelligence Test (K-BIT) in the presence ver-
sus absence of childhood adversities among a representative sample of 10,073 adolescents in the United States, 2001–2004. Square, threat-type
adversities; triangle, deprivation-type adversities; circle, any adversity. HS, high school.
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Table 1. TargetedMaximum Likelihood EstimatedMean Scores on the Kaufman Brief Intelligence Test in the
Presence Versus Absence of Individual and Cumulative Childhood Adversities Among a Representative Sample of
Adolescents (n= 10,073), United States, 2001–2004

Adversity Type Mean K-BIT
Scorea 95%CI K-BIT Mean

Difference 95%CI

Threat adversities

Physical abuse 98.8 97.3, 100.2 –1.97 –3.42, –0.52

No physical abuse 100.8 99.3, 102.2

Domestic violence 99.1 97.3, 100.8 –1.86 –3.60, –0.11

No domestic violence 100.9 99.2, 102.7

Sexual abuse 101.3 98.4, 104.2 1.27 –1.63, 4.18

No sexual abuse 100.1 97.2, 103.0

Violence 101.3 99.3, 103.3 1.09 –0.90, 3.07

No violence 100.2 98.2, 102.2

Witnessing violence 99.9 98.3, 101.4 –1.22 –2.80, 0.36

No witnessing violence 101.1 99.5, 102.7

Emotional abuse 99.5 97.5, 101.5 –1.81 –3.82, 0.20

No emotional abuse 101.3 99.3, 103.3

No. of cumulative threat-experience
adversities

1 99.4 98.2, 100.6

2 100.1 98.4, 101.9

≥3 100.3 97.8, 102.8

≥1 100.5 99.5, 101.6 –1.82 –2.83, –0.82

0 102.4 101.4, 103.4

Deprivation adversities

Income-to-poverty ratio< 1.5 98.6 97.7, 99.4 –2.29 –3.12, –1.46

Income-to-poverty ratio≥ 1.5 100.9 100.0, 101.7

Parental education<HS diploma 97.3 95.5, 99.2 –3.58 –5.40, –1.75

Parental education≥HS diploma 100.9 99.1, 102.8

Financial insecurity 99.6 98.1, 101.2 –1.55 –3.11, 0.01

No financial insecurity 101.2 99.6, 102.7

Food insecurity 99.6 98.2, 101.1 –1.41 –2.89, 0.07

No food insecurity 101.0 99.6, 102.5

Neglect 98.0 93.4, 102.7 –4.27 –8.93, 0.39

No neglect 102.3 97.6, 106.9

No. of cumulative deprivation experiences

1 99.9 98.8, 101.0

2 98.4 95.6, 101.1

≥3 98.8 96.0, 101.7

≥1 99.2 98.1, 100.3 –2.32 –3.43, –1.21

0 101.5 100.4, 102.6

No. of cumulative total adversities

1 99.9 98.7, 101.0

2 97.6 92.5, 102.7

≥3 98.6 96.8, 100.4

≥1 99.8 98.7, 100.9 –2.02 –3.09, –0.94

0 101.8 100.7, 102.9

Abbreviations: CI, confidence interval; HS, high school; K-BIT, Kaufman Brief Intelligence Test.
a Adjusted for age, number of siblings, birth order, sex, race, parent birthplace, any parent psychiatric disorder, and

any parent substance-use disorder.
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either decreased cognitive stimulation and environmental com-
plexity or increased stress (70). Environmental complexity in-
cludes exposure to social, perceptual, and linguistic stimulation,
as well as opportunities for varied activities (71). This type of
stimulation has consistently been shown to be reduced in children
raised in low-SES environments and/or exposed to neglect (36,
68, 72). The absence of these expected inputs has been shown to
influence neural development throughout the cortex, includ-
ing the development of frontoparietal systems involved in
executive functioning and frontotemporal networks underly-
ing language (35, 37, 38, 73), which in turn may adversely affect
systems for working memory, cognitive control, and language
processing (74). Additionally, children raised in low-SES fami-
lies face greater exposure to chronic stress (75). Chronic stress
has been shown to damage hippocampal neurons and lead to
reductions in hippocampal volume in animal models as well as
in observational studies of children exposed to adversity (26–28).
The hippocampus is centrally involved in learning and memory
(76, 77), and altered structure and function of this regionmay ulti-
mately contribute to reduced cognitive ability. Extensive evidence
from decades of work in behavioral and molecular genetics has
demonstrated substantial genetic effects on cognitive ability and
intelligence (78–80).Whilewe could not directly examine genetic

pathways, we did investigate the impact of adjusting ourmodels
for parental education as a proxy for these pathways. Our results
are consistent with studies that identified parental education as a
predictor ofmore proximate threat-type adversities (57, 81).

Existing evidence is also quite consistent in demonstrating
that while genetics plays a large role in shaping variability in cog-
nitive ability, the environment also plays a meaningful role. For
example, interventions that alter the environment have been
shown to have strong influences on children’s cognitive ability.
Substantial increases in intelligence were observed among chil-
dren randomized to be removed from a deprived institutional set-
ting and raised in a high-quality family environment as compared
with children randomized to remain in institutional care (30).
These findings are consistent with experimental evidence from
the United States demonstrating that placement into high-quality
child care early in life for children from socioeconomically disad-
vantaged family backgrounds produces lasting improvements in
cognitive ability and academic achievement (82, 83). The experi-
mental design of these studies provides strong evidence for
environmentally mediated effects of cognitive enrichment and
stimulation on intelligence in children, particularly early in devel-
opment. It is this environmental component that our research ad-
dresses. In particular, it suggests that environmental experiences
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Figure 2. Targeted maximum likelihood estimated differences in the risk of low versus average scores on the Kaufman Brief Intelligence Test
(K-BIT) in the presence versus absence of childhood adversities among a representative sample of 10,073 adolescents in the United States,
2001–2004. Square, threat-type adversities; triangle, deprivation-type adversities; circle, any adversity. HS, high school.
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of deprivation influence cognitive ability, likely due to reductions
in the degree of cognitive stimulation that children receive early in
life, including lower levels of exposure to complex language,
learning opportunities within the home and in early schooling,
and consistent interactions with caregivers and adults (68, 71,
84–88). Indeed, prior work from genetically informed samples
indicates that family SES primarily influences environmentally
mediated effects on cognitive ability (89).

Though smaller in magnitude, several threat experiences were
also significantly related to lower intelligence. These exposures
may affect intelligence through physiological responses to the

stress and fear that results from direct and indirect threat ex-
periences (90–92). Responses may cause sleep disturbances,
increased anxiety, difficulty in maintaining awareness and
concentration, and other symptoms of posttraumatic stress
disorder (93–95), all of which may lead to impaired cogni-
tive performance (96, 97). These effects have been shown
even among those with more indirect threat experiences,
such as witnessing violence (21).

The results of this study should be interpreted in the light
of several limitations. Study data are cross-sectional, which
limits the ability to assign temporality and may affect the

Table 2. TargetedMaximum Likelihood Estimated Risk Differences for the Risk of Low (<85) Versus Average
(≥100) Score on the Kaufman Brief Intelligence Test, Under Individual and Cumulative Adversities ComparedWith
the Risk Absent That Exposure in a Representative Sample of Adolescents (n= 10,073), United States, 2001–2004

Adversity Type K-BIT Score<85With
Exposurea,b

K-BIT Score<85Without
Exposurea,c RD 95%CI

Threat adversities

Physical abuse 0.29 0.23 0.06 0.01, 0.10

Domestic violence 0.25 0.20 0.05 0.00, 0.09

Sexual abuse 0.25 0.23 0.01 −0.08, 0.11

Violence 0.22 0.21 0.01 −0.04, 0.06

Witnessing violence 0.28 0.23 0.06 −0.02, 0.13

Emotional abuse 0.31 0.23 0.08 0.01, 0.16

No. of cumulative threat-experience
adversities

1 0.28 0.22 0.06 0.02, 0.10

2 0.28 0.23 0.05 −0.01, 0.11

≥3 0.29 0.25 0.04 −0.03, 0.11

≥1 0.24 0.18 0.06 0.03, 0.10

Deprivation adversities

Income-to-poverty ratio< 1.5 0.23 0.22 0.01 −0.02, 0.04

Parental education<HS diploma 0.35 0.22 0.13 0.06, 0.19

Financial insecurity 0.28 0.24 0.04 −0.01, 0.09

Food insecurity 0.27 0.23 0.04 −0.01, 0.09

Neglect 0.34 0.22 0.11 0.02, 0.21

No. of cumulative deprivation-
experience adversities

1 0.26 0.23 0.03 −0.01, 0.07

2 0.33 0.22 0.11 0.02, 0.20

≥3 0.35 0.25 0.10 0.03, 0.18

≥1 0.28 0.21 0.07 0.03, 0.11

No. of cumulative total adversities

1 0.26 0.24 0.02 −0.02, 0.07

2 0.35 0.17 0.18 −0.02, 0.38

≥3 0.29 0.22 0.07 0.03, 0.12

≥1 0.26 0.20 0.06 0.03, 0.10

Abbreviations: CI, confidence interval; HS, high school; K-BIT, Kaufman Brief Intelligence Test; RD, risk difference.
a Adjusted for age, number of siblings, birth order, sex, race, parent birthplace, any parent psychiatric disorder, and

any parent substance-use disorder.
b The risk of a K-BIT of<85, given exposure to each adversity.
c The risk of a K-BIT of<85, given no exposure to each adversity.
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recall of adversity experiences. However, because the data are
from an adolescent sample, the period of recall was relatively
short, which we expect to mitigate any significant effects of recall
bias. Also, we were unable to examine differences in the timing,
duration, and intensity of the adversities. Further research might
consider these temporal effects, including cognitive deficits that
occurred prior to childhood adversity, in more detail (98). While
parameter estimates were adjusted for a number of known con-
founders, there may be unmeasured confounding and exchange-
ability violations. For example, poverty and low SES are often
perpetuated by additional experiences that may themselves affect
adolescent intelligence, such as physical health and exposure to
environmental toxins (99). These exposures were not measured in
the National Comorbidity Survey Adolescent Supplement. While
we do not believe that such exposures would fully explain the
relationship between fluid reasoning and such a broad array of
adversities, they should be considered in future replication studies.
Finally, adolescents who experienced adversities may show
decreased effort during K-BIT administration (100), especially
given that the testing was performed by lay interviewers. While
these testing effects should be considered in addition to any differ-
ences in true cognitive ability, the K-BIT has been validated in
children with intellectual disability and other challenges, (101–
103), and the test reliability was comparable for the present sam-
ple and the standardization sample.

Due to the complex nature of childhood adversity, methodo-
logical approaches, such as TMLE, to study its effects are needed.
Although interpretations using a causal inference framework rely
on previously described assumptions, the results of this study sug-
gest that the prevention of childhood adversity would improve
the cognitive functioning of a general population of adolescents.
The normal distribution of intelligence in a population shifts
upward over time, at a rate of approximately 3 points every 10
years (104), a phenomenon known as the Flynn effect (51, 105).
The results of this study highlight how individuals who have
experienced adversity are being left behind in typical cognitive
development compared with their counterparts who did not expe-
rience adversity.

Interventions attempting to support and improve cognition
in individuals who report childhood adversity can be a useful
complement to interventions for emotional and behavioral distur-
bances (106, 107). Fortunately, there is evidence that interventions
to improve the developmental environment lead to cognitive
recovery in children (108, 109). This study adds further sup-
port for these relationships, and estimates the relationships
between specific deprivation and threat adversities and child-
hood intelligence.
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