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A B S T R A C T   

Background: Early life adversity and psychiatric disorders are associated with earlier declines in neurocognitive 
abilities during adulthood. These declines may be preceded by changes in biological aging, specifically epigenetic 
age acceleration, providing an opportunity to uncover genome-wide biomarkers that identify individuals most 
likely to benefit from early screening and prevention. 
Methods: Five unique epigenetic age acceleration clocks derived from peripheral blood were examined in relation 
to latent variables of general and speeded cognitive abilities across two independent cohorts: 1) the Female 
Growth and Development Study (FGDS; n = 86), a 30-year prospective cohort study of substantiated child sexual 
abuse and non-abused controls, and 2) the Biological Classification of Mental Disorders study (BeCOME; n =
313), an adult community cohort established based on psychiatric disorders. 
Results: A faster pace of biological aging (DunedinPoAm) was associated with lower general cognitive abilities in 
both cohorts and slower speeded abilities in the BeCOME cohort. Acceleration in the Horvath clock was 
significantly associated with slower speeded abilities in the BeCOME cohort but not the FGDS. Acceleration in the 
Hannum clock and the GrimAge clock were not significantly associated with either cognitive ability. Accelerated 
PhenoAge was associated with slower speeded abilities in the FGDS but not the BeCOME cohort. 
Conclusions: The present results suggest that epigenetic age acceleration has the potential to serve as a biomarker 
for neurocognitive decline in adults with a history of early life adversity or psychiatric disorders. Estimates of 
epigenetic aging may identify adults at risk of cognitive decline that could benefit from early neurocognitive 
screening.   
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1. Introduction 

Models of normative cognitive aging identify early- and mid- 
adulthood as developmental periods when several neurocognitive abil
ities peak before gradually declining into later life (Deary et al., 2009; 
Hartshorne and Germine, 2015; Salthouse, 2009; Schaie, 2005). Such 
age-related declines are observed across multiple neurocognitive do
mains including memory, reasoning, and executive function but the 
earliest and most prominent changes are in processing speed (Lipnicki 
et al., 2017; Salthouse, 2019). Deviations from normative cognitive 
aging processes may be partly attributable to early life experiences, 
including one’s opportunity for educational attainment (Chan et al., 
2019; Livingston et al., 2020; Oveisgharan et al., 2020), experience of 
adversity (Anda et al., 2006; Korten et al., 2014; Ritchie et al., 2011; 
Roberts et al., 2020; Trickett et al., 2011) and is also observed across 
multiple psychiatric disorders (Rock et al., 2014; Castaneda et al., 2008; 
McIntyre et al., 2013; Bhattarai et al., 2019; Millan et al., 2012; East-
Richard et al., 2020). Deficits in neurocognitive function appearing 
earlier or with greater severity than expected may signal premature 
cognitive aging, a risk factor for impaired well-being (Allerhand et al., 
2014; Llewellyn et al., 2008) and later-life cognitive impairment (Gus
tavson et al., 2020; Knopman et al., 2018). The biological and neuro
pathological processes underlying later-life cognitive impairment 
commence decades prior to the emergence of clinical symptoms (Kat
suno et al., 2018; Gandal et al., 2018), indicating an extended preclinical 
period that may be detectable earlier in life. This prolonged preclinical 
period thus provides an opportunity to identify biomarkers related to 
advanced cognitive decline earlier in adulthood that have the potential 
to inform interventions to delay, reverse, or prevent later-life 
impairment. 

Changes in biological and neuropathological processes that typically 
covary with chronological age, known as biological age (BA), may also 
contribute to accelerated rates of cognitive decline into later-life (Har
rington et al., 2021; Hohman et al., 2017; Yu et al., 2015; Wilson et al., 
2020). Along with other measures of BA, epigenetic clocks quantify 
predictable epigenetic changes in DNA methylation (DNAm) of specific 
sites in the genome, which index multiple molecular processes that 
contribute to BA (Kabacik et al., 2022; Raj and Horvath, 2020; Yang 
et al., 2023). DNAm BA estimates that deviate from chronological age 
are referred to as epigenetic age acceleration. So far, several 
well-established estimates of epigenetic age acceleration in the general 
population have been associated with neurocognitive performance 
across several domains, including lower IQs and general cognitive 
abilities in adolescence and later-life (PhenoAge clock) (Stevenson et al., 
2019), reduced attention (Horvath clock) (Shiau et al., 2021), and 
processing speed, working memory, and faster cognitive declines in 
reasoning, and processing speed (DunedinPoAm clock) (Belsky et al., 
2020). However, less is known about the utility of epigenetic age ac
celeration estimates as a cognitive impairment biomarker among pop
ulations who have experienced early life adversity and may be at risk for 
psychiatric disorders (Schaefer et al., 2022). 

Although some research has found a link between epigenetic age 
acceleration and neurocognitive function in maltreated and psychiatric 
populations (Yusupov et al., 2023), other findings were null (Vaccarino 
et al., 2021; Marioni et al., 2015; Starnawska et al., 2017; Harvanek 
et al., 2023). These inconsistent findings may be due to the reliance on 
examining a small number of epigenetic clock estimates, a lack of con
trolling for early life adversity and psychiatric burden and relying on 
individual neuropsychological tests. Using two distinct cohorts - the 
Female Growth and Development Study (FGDS) (Trickett et al., 2011) 
from the United States and the Biological Classification of Mental Dis
orders (BeCOME) (Brückl et al., 2020) study from Germany, we exam
ined associations between epigenetic age acceleration and a broad range 
of neurocognitive abilities in adulthood. We used structural equation 
modeling (SEM) of our comprehensive neurocognitive batteries to 
distinguish general from speeded cognitive abilities. Speeded cognitive 

abilities tend to show the earliest and most prominent change across the 
lifespan (Lipnicki et al., 2017; Salthouse, 2019), and as such may be 
more sensitive to differences in epigenetic age acceleration. We tested 
associations between epigenetic age acceleration and the two neuro
cognitive abilities in six models: 1) first-generation clocks (i.e., Horvath 
(2013) and Hannum (Hannum et al., 2013)), 2) second-generation 
clocks (i.e., GrimAge (Lu et al., 2019) and PhenoAge (Levine et al., 
2018)), and 3) pace of aging predictor (DunedinPoAm (Belsky et al., 
2020)). The models tested the epigenetic clocks of the same generation 
in the same models to determine whether age-related or morbid
ity/mortality clocks were more relevant for detecting neurocognitive 
impairment. The primary aim of this study was to test whether epige
netic age acceleration could serve as a biomarker of poorer performance 
of neurocognitive abilities in adulthood and provide evidence for its 
transdiagnostic potential. 

2. Methods and materials 

2.1. Cohorts 

2.1.1. Female Growth and Development Study (FGDS) 
The FGDS (N = 172) began in 1987 using an accelerated cross- 

sequential cohort design to study the long-term consequences of child 
sexual abuse (CSA) (Trickett et al., 2011). FGDS data used in the present 
study were obtained from the most recent wave of data collection (T7) 
when females were entering mid-life (Mage = 39.91, Range: 29–45 years 
of age). Eighty-six females with (n = 37) and without (n = 49) sub
stantiated CSA completed a neurocognitive battery and consented to 
biospecimen sampling for determining estimates of epigenetic age ac
celeration at T7. Earlier assessments indicate that around 25% of par
ticipants were at least mildly depressed for the two weeks prior to study 
assessment (Shenk et al., 2010). Full study protocol for the FGDS has 
been published elsewhere (Trickett et al., 2011; Shenk et al.). See 
Table 1 for descriptive statistics of the FGDS cohort. 

The Biological Classification of Mental Disorders (BeCOME). Data 
from the BeCOME cohort (N = 313, nfemale = 200) included patients 
between 18 and 66 years old (Mage = 35.40) with psychiatric disorders 
and self-reported healthy controls who consented for the Max Planck 
Institute of Psychiatry (MPIP) and were recruited in Munich, Germany 
to participate in the ongoing BeCOME study (registered on ClinicalT 
rials.gov, TRN: NCT03984084) (Brückl et al., 2020). Self-reported de
mographic data were available for age, sex, ethnicity and, school edu
cation as stated in the study protocol (Brückl et al., 2020) (see Table 1). 
Full study protocol for the BeCOME has been published elsewhere 
(Brückl et al., 2020). 

2.2. Measures 

2.2.1. Neurocognitive measures 
A neurocognitive battery that assessed multiple cognitive domains 

was administered to assess performance in the FGDS and BeCOME co
horts. The T7 FGDS protocol administered the following battery: a) The 
Peabody Picture Vocabulary Test-Revised (PPVT-R), a test of receptive 
language abilities; b) three tests from the Woodcock-Johnson Revised 
including the Picture Vocabulary for receptive abilities, Concept For
mation for fluid reasoning, and Visual Auditory Learning-Delayed Recall 
for long-term memory retrieval; c) Complex Counting Span Task to 
assess working memory; d) Symbol Search Task to assess processing 
speed; e) word fluency task to assess; and f) Flanker Attention Task to 
assess attention inhibition (Supplementary Table 1 for details on each 
neurocognitive measure). 

In the BeCOME cohort, the neurocognitive battery was conducted on 
the first study day. The following tests were administered in the battery: 
a) Multiple-choice vocabulary intelligence test (MWT-B), Choice Vo
cabulary Test of receptive language abilities; b) two subscales from the 
Materialien und Normwerte für die neuropsychologische Diagnostik 
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(MNND) neuropsychological test battery including the Delayed-Recall 
Task for episodic memory and the Word Fluency Task for phenomic 
and semantic fluency; c) two subscales from the Test for Attentional 
Performance (TAP) including the Cognitive Flexibility Task for the 
ability to switch between different tasks rules and the Go No-Go task for 
inhibitory control; and d) the d2 Test of Sustained Attention (Supple
mentary Table 1 for details on each neurocognitive measure). 

2.3. Genomic and epigenomic analyses 

2.3.1. DNA methylation 
FGDS Cohort. Whole blood samples were collected and randomized 

across plates during the T7 assessment and genomic DNA extracted from 
whole blood using a semi-automated approach (Qiasymphony, Qiagen) 
and purity assessed using a nanophotometer (ImplenP300, Implen). 
Genomic DNA (1 μg) from whole blood was treated with sodium bisul
fite using Zymo EZ-96 DNA Methylation KIT™ (Zymo Research, Orange, 
CA, USA) with 200 ng of bisulfite-treated DNA amplified, fragmented, 
and hybridized on the EPIC array. The Infinium MethylationEPIC 
Beadchip (EPIC array, Illumina, San Diego, CA, USA) was used for 

epigenome-wide DNAm analysis. Raw intensity values were directly 
loaded into R for quality control and normalization using the minfi R 
package (Aryee et al., 2014). Standard quality control was conducted 
with meffil R package (Suderman et al., 2020), and poorly performing 
samples were removed (n = 1, due to low signal intensity). Predicted 
biological sex from DNAm data matched the reported sex in all samples. 
Likewise, a selection of single-nucleotide polymorphisms (SNPs) shared 
between the EPIC array and genotyping showed 100% within-person 
concordance. Normalization was carried out using Noob (Triche et al., 
2013). The final sample included DNAm from 86 females who consented 
to long term storage of their DNA. 

BeCOME Cohort. Whole blood samples were randomized with 
regards to sex, age, childhood maltreatment, and self-reported case- 
control status using the omixer R package (Sinke et al., 2021) in a 96-well 
format before DNA extraction. Bisulfite-conversion of 400 ng DNA was 
performed with the EZ-96 DNA Methylation kit (Zymo Research, Irvine, 
CA, USA). Illumina Infinium Methylation EPIC BeadChip (Illumina, San 
Diego, CA, USA) was used for epigenome-wide methylation analysis of 
samples according to manufacturer protocols. Preprocessing of DNAm 
data was performed using a standard pipeline (Maksimovic et al., 2016) 
with the minfi R package (Aryee et al., 2014). After loading raw intensity 
values directly into R version 4.0.4 (R Core Team, 2018) and trans
forming them into beta-values, a quality control was performed. Sam
ples with a mean detection p-value >0.05 (n = 7), samples presenting 
with distribution artefacts in raw beta-values (n = 0) or sex mismatches 
between estimated sex from DNAm data and reported sex (n = 1) were 
excluded. Normalization was performed using stratified quantile 
normalization (Touleimat and Tost, 2012) and subsequently 
beta-mixture quantile normalization (BMIQ) (Teschendorff et al., 2013). 
After transforming beta-values into M values, we performed principal 
components analysis (PCA). One outlier deviating more than three 
standard deviations from the mean of the first two principal components 
was excluded. Next, we checked which batches had the strongest asso
ciations with the principal components and corrected batch effects of 
plate, array, and row sequentially with ComBat of the sva R package 
(Leek et al., 2012). Batch corrected M values were transformed into 
beta-values and MixupMapper (Westra et al., 2011) confirmed that no 
sample mix-ups had taken place during the experiment. The final sample 
included DNAm data from 320 individuals. 

2.3.2. Epigenetic age acceleration 
Four measures of epigenetic age acceleration were generated using a 

publicly available tool (https://dnamage.genetics.ucla.edu/home) 
(Horvath, 2013): 1) Horvath, 2) Hannum, 3) PhenoAge, 4) GrimAge, 
with a fifth measure 5) Dunedin Pace of Aging methylation (Dun
edinPoAm) calculated in R according to standard procedure (Belsky 
et al., 2020). The current analyses focus on measures of epigenetic age 
acceleration, that is, residualized scores of epigenetic age determined by 
DNAm after accounting for each person’s chronological age at the time 
of the biological sample collection. DunedinPoAm provides an index of 
the pace of epigenetic aging adjusted for chronological age. Although 
these five epigenetic age estimates are moderately correlated (rs =

0.17–0.45) (Lu et al., 2019), they were derived from DNAm at largely 
non-overlapping sites across the genome (Field et al., 2018). For each 
measure, positive values of epigenetic age acceleration indicate faster 
aging (i.e., acceleration) and negative values indicate slower aging (i.e., 
deceleration). Cell-type heterogeneity across samples were deconvolved 
using a well-established reference-based approach (Houseman et al., 
2012), with proportion of cell-types included in models where 
appropriate. 

2.3.3. Control variables 
Polygenic Score for Educational Attainment. Polygenic scores 

that quantify the genetic contributions accounting for a statistically 
significant portion of variability in educational attainment (11–13%) 
were constructed from SNPs identified from population-level genome- 

Table 1 
Descriptive statistics.   

FGDS (N =
86)  

BeCOME (N =
313)  

Female (n) 86  200  
Age (M/SD) 36.91/3.79  35.40/12.10  
Race/Ethnicity (n)     

NH White 45  277  
NH Black 36  1  
Latinx/Hispanic 4  1  
Other 1  34  

Education Level (n)     
At Least High 
School 

38  233  

College or Graduate 
Degree 

29  48  

Maltreated (n) 37  73  
Lifetime Stress (M/ 

SD) 
7.29/4.25  19.80/12.80    

% 
Missing  

% 
Missing 

Outcomes (M/SD)     
PPVT-R 155.27/ 

13.58 
1 –  

WCJ-R PV 18.75/1.70 1 –  
WCJ-R CF 34.46/5.17 3 –  
WCJ-R DR 18.67/13.87 1 –  
CCS Strict Score 22.13/13.03 12 –  
Fluency F 12.42/4.46 10 –  
Fluency S 14.40/4.44 10 –  
Fluency Animal 22.36/5.60 13 –  
Fluency Fruit/ 
Vegetable 

20.91/4.83 14 –  

Symbol Search RT 3302.04/ 
704.32 

10 –  

Flanker 
Incongruent RT 

165.05/ 
262.50 

0 –  

Choice Vocabulary –  29.90/3.34 25.2 
Delayed Recall –  10.20/3.65 25.2 
Fluency S –  32.70/9.01 25.2 
Cognitive 
Flexibility RT 

–  667.00/226.00 25.6 

Go No-Go RT –  402.00/71.3 25.9 
Sustained 
Attention 

–  162.00/36.10 24.9 

Notes: PPVT-R is the Peabody Picture Vocabulary Test Revised; WCJ-R is the 
Woodcock Johnson-Revised test; WCJ-R PV is the Picture Vocabulary Test; WCJ- 
R CF is the Concept Formation Test; WCJ-R DR is the Delayed Recall test; CCS is 
the complex counting span; Fluency F and S are fluency for F- and S-words; 
Fluency Animal and Fruit/Vegetable are fluency for Animal and Fruit/Vegetable 
words. 
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wide association studies (Lee et al., 2018). The p-value threshold for 
SNPs was set to 1.00 in both cohorts. Imputed genotypes were used to 
derive the polygenic score for educational attainment using summary 
statistics as per standard protocol (Lee et al., 2018). See Supplemental 
Table 2 for further details on genotyping used in the FGDS and BeCOME 
cohorts. 

Childhood Maltreatment Status. CSA and non-CSA statuses in the 
FGDS cohort was substantiated by Child Protective Services (CPS) when 
females. 6–16 years of age, were originally enrolled in the study 
(Trickett et al., 2011). Child maltreatment (CM) in the BeCOME cohort 
was determined by the widely used and reliable self-reported short 
version of the Childhood Trauma Questionnaire (CTQ) (Bernstein et al., 
2003). A participant was defined as abused if a moderate or severe 
exposure was present in any of the subscales for emotional, sexual, or 
physical abuse. 

Lifetime Trauma. In the FGDS cohort, lifetime trauma was 
measured using the non-child maltreatment items of the Comprehensive 
Trauma Interview (CTI) (Shenk et al., 2016), which included 22 items 
about different potentially traumatic events across the lifespan. A total 
score was calculated by summing the number of items endorsed. In the 
BeCOME cohort, lifetime trauma was assessed with a reduced version of 
the Munich Event-Questionnaire (MEL), which consisted of 27 items 
covering potentially traumatic events from different areas of life and 
their frequencies (Friis et al., 2002). A total score was calculated using 
the number of events endorsed, weighted by their frequencies. 

Psychiatric Burden. In the BeCOME cohort, the amount of psychi
atric burden was measured using the weighted score (i.e., two-points for 
full diagnosis and one-point for sub-threshold) of a number of diagnoses 
from the modified Munich-Composite International Diagnostic Inter
view (M-CIDI) (DIA-X/M-CIDI) conducted by trained study assistants 
(full details in BeCOME study protocol (Brückl et al., 2020)) to assess 
current (last four weeks) or past lifetime DSM-IV diagnosis (DSM-IV, 
1994). 

2.4. Statistical analyses 

Confirmatory factor analyses (CFAs) (Furr et al., 2014) were used to 
determine whether the neurocognitive batteries administered in each 
cohort could be reduced to two correlated domains of cognitive func
tion, General Cognitive Abilities and Speeded Cognitive Abilities. All neu
rocognitive measures were first z-scored. In the FGDS cohort, an item 
parcel was created from the two picture vocabulary measures (from the 
Peabody and Woodcock-Johnson Revised) by first z-scoring each and 
then averaging. Adequate model fit was determined from several model 
fit indices including a χ2 likelihood-ratio test with a p-value >0.05, a 
comparative fit index (CFI) above 0.90, and a root mean square error of 
approximation (RMSEA) with a 95% confidence interval (CI95%) that 
covered or had an upper bound below 0.05 (Hooper et al., 2008), 

(Barrett, 2007). Meaningful indicators of their corresponding domain of 
neurocognitive function were identified as those with standardized 
factor loadings > |0.30| with associated p-values <0.05. CFAs were 
estimated in the lavaan R package using the cfa function (Rosseel, 2012) 
with a robust full-information maximum-likelihood estimator and fixing 
the first indicator of each latent variable to 1.00 for model identification. 

The associations between epigenetic age acceleration and neuro
cognitive function, specifically General Cognitive Abilities and Speeded 
Cognitive Abilities, were estimated in the structural equation modeling 
(SEM) framework (Kline, 2010) using the sem function of the lavaan R 
package (Rosseel, 2012). SEMs were estimated using a full-information 
MLR estimator for each generation of epigenetic age acceleration esti
mate in each cohort, for a total of six models. All predictors were first 
z-scored. The measurement models were specified the same as in the 
CFAs. Additional covariates were added to the models to adjust for 
participant ancestry from genome wide genotype data (first three prin
cipal components for all models) and cell-type counts in (GrimAge, 
PhenoAge, and DunedinPoAm models). In the BeCOME cohort, 

self-reported gender and the amount of psychiatric burden was also 
included as covariates. Covariates were regressed onto the latent vari
ables for cognitive function onto indicators of the latent variables in the 
BeCOME cohort to preserve factor loading patters observed in the CFA 
and keep the meaning of these constructs intact). Specification of the 
SEMs were otherwise similar between cohorts. Model results were pre
sented as standardized estimates (β) using p-values based on α < 0.05. 

3. Results 

3.1. Cognitive abilities 

In both cohorts, CFAs revealed that the 2-factor solution, reflecting 
General Cognitive Abilities and Speeded Cognitive Abilities, fit the data well, 
χ2 (19)FGDS = 13.235, p = 0.826, χ2 (8)BeCOME = 6.589, p = 0.382, CFIs =
1.00, RMSEAs = 0.00. C.I.FGDS [0.00, 0.05], C.I.BeCOME [0.00, 0.07]. In 
both cohorts, all factor loadings were statistically significant (ps < 0.01) 
and the magnitudes of the standardized factor loadings were > |0.367|. 
Moreover, in both cohorts, the magnitude and the direction of the cor
relation between General Cognitive Abilities and Speeded Cognitive Abilities 
was similar, r = 0.580 (p < 0.001) in the FGDS cohort and r = 0.590 (p =
0.010) in the BeCOME cohort, providing evidence that the latent vari
ables in each cohort reflect similar constructs despite using different 
neurocognitive batteries. See Supplementary Table 3 for full results of 
parameter estimates in both cohorts. 

3.2. First-generation clocks (horvath and hannum) and cognitive abilities 

Path diagrams of results are in Fig. 1 for FGDS and Fig. 2 for 
BeCOME. Epigenetic acceleration as measured by the Horvath or Han
num clocks were not significantly associated with the General Cognitive 
Abilities in either cohort (ps > 0.185). However, greater epigenetic ac
celeration as measured by the Horvath clock was significantly associated 
with slower Speeded Cognitive Abilities in the BeCOME cohort (β =
− 0.211, p = 0.012), and although in the same direction, the association 
was not statistically significant in the FGDS cohort (β = − 0.113, p =
0.166). 

3.3. Second-generation clocks (GrimAge and PhenoAge) and cognitive 
abilities 

Path diagrams of results from the FGDS and BeCOME cohorts are in 
Figs. 3 and 4, respectively. Acceleration of epigenetic age as measured 
by the GrimAge clock was nearly significantly associated with lower 
General Cognitive Abilities in the FGDS (β = − 0.169, p = 0.062), but not in 
the BeCOME (β = − 0.122, p = 0.279) cohort. Acceleration of epigenetic 
age measured by the GrimAge clock was not associated with Speeded 
Cognitive Abilities in either cohort (ps > 0.206). Acceleration in epige
netic age measured by the PhenoAge clock was associated with slower 
Speeded Cognitive Abilities in the FGDS cohort (β = − 0.314, p = 0.044), 
but not in the BeCOME cohort (β = − 0.021, p = 0.804). Acceleration in 
the PhenoAge clock was not significantly associated with General 
Cognitive Abilities in either cohort (ps > 0.613). 

3.4. Pace of aging clock (DunedinPoAm) and cognitive abilities 

See Figs. 5 and 6 for path diagrams from the FGDS and BeCOME 
cohorts, respectively. Acceleration of epigenetic age as measured by the 
DunedinPoAm clock was nearly significantly associated with lower 
General Cognitive Abilities in the FGDS cohort (β = − 0.167, p = 0.061) 
and significantly in the BeCOME cohort (β = − 0.265, p = 0.017). 
Although acceleration in the DunedinPoAm was not significantly asso
ciated with slower Speeded Cognitive Abilities in the FGDS cohort (β =
− 0.151, p = 0.172), it was nearly significant in the BeCOME cohort (β =
− 0.210, p = 0.058). See Table 2 for the general pattern of results across 
clocks and between cohorts. 
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4. Discussion 

The current study leveraged data from two independent, interna
tional cohorts to examine whether epigenetic age acceleration was 
associated with neurocognitive function in samples with histories of 
child maltreatment or psychiatric disorders. We took a novel approach 
to the investigation of epigenetic age acceleration and neurocognitive 

function by using SEM to test whether epigenetic age acceleration was 
associated with general and speeded cognitive abilities. Leveraging the 
possibility to examine the general cognitive and speeded cognitive 
ability factors underlying differences in individuals neurocognitive 
function, we reduce the potential for test specific effects and measure
ment error (Kline, 2010), potentially increasing the sensitivity to detect 
the effects of BA acceleration (Deary et al., 2009; Hartshorne and 

Fig. 1. Path Diagram of First-Generation Clocks Results – FGDS 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Squares reflect measured variables and circles 
reflect latent variables. 

Fig. 2. Path Diagram of First-Generation Clocks Results – BeCOME 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Squares reflect measured variables and circles 
reflect latent variables. “RT” = response time. 
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Germine, 2015; Salthouse, 2009, 2019; Schaie, 2005; Lipnicki et al., 
2017). This study provided a robust assessment of whether epigenetic 
age acceleration was associated with neurocognitive functioning in a 
sample with independent substantiation of child sexual abuse and in a 
sample recruited for psychiatric disorder status. In all six analyses, we 
controlled for the most prominent risk factors for cognitive impairment 
and variables that explain extraneous variation in epigenetic age 

acceleration estimates. We found evidence that epigenetic age acceler
ation was associated with neurocognitive functioning, although these 
associations depended upon which clock was investigated in each cohort 
(see Table 2 for the side-by-side comparison of the findings). Based on 
the strengths of this study and corresponding results, there are several 
important directions for future research with patients treated for child 
maltreatment or psychiatric disorders. 

Fig. 3. Path Diagram of Second-Generation Clocks Results – FGDS 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Italicized coefficients indicate a near statis
tically significant (p < 0.10) association. Squares reflect measured variables and circles reflect latent variables. “RT” = response time. 

Fig. 4. Path Diagram of Second-Generation Clocks Results – BeCOME 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Squares reflect measured variables and circles 
reflect latent variables. “RT” = response time. 
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First, we found evidence that accelerated epigenetic age using 
DNAm-driven biomarkers was associated with general and speeded 
cognitive abilities differentially in each cohort. Specifically, associations 

between acceleration in the Horvath clock (a first-generation clock) was 
associated with slower speeded cognitive abilities in the BeCOME 
cohort, but not in the FGDS cohort. Additionally, associations between 

Fig. 5. Path Diagram of DunedinPoAm Results – FGDS 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Italicized coefficients indicate a near statis
tically significant (p < 0.10) association. Squares reflect measured variables and circles reflect latent variables. “RT” = response time. 

Fig. 6. Path Diagram of DunedinPoAm Results – BeCOME 
Note: Standardized coefficients depicted. Bolded coefficients indicate a statistically significant (p < 0.05) association. Italicized coefficients indicate a near statis
tically significant (p < 0.10) association. Squares reflect measured variables and circles reflect latent variables. “RT” = response time. 
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acceleration in the second-generation clocks were only significant with 
neurocognitive abilities in the FGDS cohort. Namely, acceleration in the 
GrimAge clock was associated with lower general cognitive abilities and 
acceleration in the PhenoAge clock was associated with slower speeded 
cognitive abilities. These discrepant findings may be due to differences 
in how these samples were recruited. The FGDS cohort was 6–16 years of 
age at the time of enrollment and were between the ages of 29 and 45 
when the neurocognitive battery and epigenetic age acceleration esti
mates were collected (Trickett et al., 2011; Shenk et al.; Felt et al., 
2022). Patients from the BeCOME cohort were recruited to evaluate 
psychiatric diagnoses, excluded if they had any evidence of physical 
impairment, neurocognitive degeneration, or substance abuse, and all 
were between the age of 18 and 6543. The relatively restricted age range 
in the FGDS could contribute to why associations were not found in that 
cohort as the first generation clocks (Horvath, Hannum) were explicitly 
trained on chronological age (Horvath, 2013; Hannum et al., 2013). It is 
possible that associations are only detectable for these clocks in samples 
with a wider age range such as in the BeCOME cohort. Likewise, the 
BeCOME cohort was recruited for evaluation of psychiatric diagnoses 
and patients were excluded if they had any evidence of neurodegener
ative disease or severe physical health ailments, two phenotypes of adult 
aging that the second-generation (i.e., GrimAge (Lu et al., 2019) and 
PhenoAge (Levine et al., 2018)) clocks were trained on. As recruitment 
for the FGDS cohort occurred when females were in childhood, these 
common phenotypes of aging-related morbidity could not be excluded 
upon enrollment. It is possible that associations with the 
second-generation clocks can only be detected in samples that were not 
restricted for aging-related morbidities, such as in the FGDS. Addition
ally, there were significant racial and ethnic differences between the 
cohorts, with the FGDS including a relatively diverse sample and the 
BeCOME cohort comprising a primarily white-European sample, which 
could explain differences in findings. However, some work has found 
similar findings in multicultural samples and primarily white-European 
samples. Future work with larger, multicultural samples is needed to 
investigate potential differences between racial and ethnic groups in 
associations between epigenetic age acceleration and cognitive 
functioning. 

Interestingly, significant (or near significant) associations between 
the DNAm-derived pace of BA and neurocognitive function were found 
in both cohorts. In the FGDS cohort, a faster pace of BA as measured by 
the DunedinPoAm was marginally associated with lower general 
cognitive abilities but not with speeded cognitive abilities. In the 
BeCOME cohort, acceleration in the DunedinPoAm was significantly 
associated with lower general cognitive abilities and marginally with 
slower speeded cognitive abilities. Although results for speeded cogni
tive abilities did not reach a statistically significant threshold in either 
cohort, associations were in the same direction and of a similar 
magnitude, suggesting that there may not have been enough power to 
detect the associations. These mostly parallel findings of the Dun
edinPoAm between the cohorts suggest that this measure of DNAm- 
derived BA may be sensitive enough to detect cognitive impairment in 
a wider-range of samples because it was derived from a longitudinal 
cohort to estimate the pace of BA, rather than a point-estimate of a 

specific age (Belsky et al., 2020). The DunedinPoAm clock was explicitly 
trained for early detection of cardiovascular, metabolic, renal, hepatic, 
pulmonary, periodontal, and immune system dysfunction (Belsky et al., 
2020). Although these aging phenotypes may not have been clinically 
present in these samples yet, the biological processes underlying these 
may already be detectable and covary with cognitive decline (Harring
ton et al., 2021; Hohman et al., 2017; Yu et al., 2015; Wilson et al., 
2020). 

Impaired neurocognitive functioning is a common and prominent 
disabling factor in several psychiatric disorders (McIntyre et al., 2013; 
Millan et al., 2012; East-Richard et al., 2020), underscoring the clinical 
relevance of these findings for psychiatric patients. Our findings linking 
epigenetic age acceleration with neurocognitive function is consistent 
with previous work suggesting that impaired cognition was a trans
diagnostic phenomenon in psychiatric disorders (Millan et al., 2012; 
McTeague et al., 2016; Abramovitch et al., 2021; Chavez-Baldini et al., 
2021). The burden of poor cognitive performance in psychiatric disor
ders can be devastating and may mediate functional impairments in 
both personal and professional life, and ultimately quality of life 
(McIntyre et al., 2013; Woo et al., 2016; Brissos et al., 2008). Further
more, current pharmacological therapies do not lead to a sufficient 
treatment of cognitive deficits in psychiatric disorders (Millan et al., 
2012). Not only are cognitive symptoms poorly controlled during the 
course of disease, but they also remain long after the improvement of the 
affective state of patients, which have responded to current medical 
treatment (e.g. in 55 of 75 cognitive variables in recent MDD 
meta-analysis (Semkovska et al., 2019)). Therefore, identifying 
blood-derived epigenetic biomarkers, which covary with cognitive 
function, could be used to identify subpopulations for future exploration 
of pharmacological and non-pharmacological treatments. However, 
given the mixed findings in the literature (Harvanek et al., 2023) and in 
this study, more future work is needed before epigenetic clocks may be 
useful in clinical settings with patients. 

Our study has several limitations to consider when interpreting these 
findings. First, peripheral blood, and not brain tissue, was used for the 
detection of epigenetic age. Currently, the relation between epigenetic 
mechanisms in different tissues is still unclear (Bakulski et al., 2016) but 
similarities of age-related DNAm across tissues and cell types have been 
observed in previous work (Horvath, 2013; Horvath et al., 2012). As
sociations examined in this study were cross-sectional and directionality 
of effects are difficult to determine. Future work should consider 
measuring epigenetic age acceleration and neurocognitive abilities 
longitudinally in maltreated and psychiatric populations to elucidate 
when epigenetic age acceleration might be used to detect earlier im
pairments associated with later-life neurocognitive degeneration. With 
the exception of the PhenoAge clock, none of the clocks used to estimate 
epigenetic age were explicitly trained on biomarkers of neurocognitive 
function, which may explain some variation in the associations across 
cohorts. However, these findings suggest that epigenetic clocks can be 
sensitive to individual differences in neurocognitive functioning despite 
not being explicitly trained for these purposes. Future work developing 
new epigenetic clocks maty consider optimizing the clocks for bio
markers of neurocognitive function to further enhance their diagnostic 
utility, particularly in psychiatric and maltreated samples. Finally, the 
different pattern of results observed in this study may be partially a 
function of the different characteristics between the cohorts, specifically 
with respect to how participants were sampled (prospective cohort study 
for FGDS and cross-sectional study for BeCOME), different measures 
used, and cultural differences between the U.S. and Germany (Linberg 
et al., 2019). Future research should look into cohorts that use the same 
measures but vary on the populations sampled to rule out the impact 
different measures have on the findings. However, many potential lim
itations of this study were mitigated from the use of the two distinct 
cohorts with complementary strengths and weaknesses. For instance, 
retrospective self-report measures of child maltreatment in the BeCOME 
cohort are complemented by prospective substantiated measures of 

Table 2 
General pattern of results across cohorts.   

FGDS BeCome  

General 
Cognitive 

Speeded 
Cognitive 

General 
Cognitive 

Speeded 
Cognitive 

Horvath No No No Yes 
Hannum No No No No 
GrimAge Close Close No No 
PhenoAge Close Yes No No 
DunedinmPoA Close Close Yes Close 

Note: No means not statistically significant; Yes mean statistically significant; 
Close means it was nearly statistically significant (p > 0.05 and p < 0.10. 
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child maltreatment in the FGDS cohort and the relatively small sample 
size in the FGDS cohort (N = 86) is complemented by the larger sample 
size in the BeCOME cohort (N = 313). Additionally, the use of two in
dependent cohorts provided side-by-side elucidates potential reasons of 
conflicting findings across studies internationally and may provide 
insight into future study designs. A final limitation is that we did not 
correct for multiple tests. However, this was done to maintain power 
given the relatively low sample sizes and goal to discover associations 
that have not been consistent in the extant literature. Future work 
should consider recruiting larger, more heterogenous samples and 
control for the false discovery rate (Benjamini and Hochberg, 1995). 

Despite these limitations, the current study provides evidence, above 
and beyond established risk factors for neurocognitive impairment, that 
epigenetic age acceleration may be a novel biomarker covarying with 
impaired neurocognitive function in patients with psychiatric disorders 
and histories of child maltreatment. Future work is still needed to 
establish clinical relevance of this blood-based biomarker that covaries 
with cognitive function across adulthood. 
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Brückl, T.M., Spoormaker, V.I., Sämann, P.G., et al., 2020. The biological classification of 
mental disorders (BeCOME) study: a protocol for an observational deep-phenotyping 
study for the identification of biological subtypes. BMC Psychiatr. 20 (1), 213. 
https://doi.org/10.1186/s12888-020-02541-z. 

Castaneda, A.E., Tuulio-Henriksson, A., Marttunen, M., Suvisaari, J., Lönnqvist, J., 2008. 
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