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HIV, pathology and epigenetic age acceleration in different 
human tissues

Steve Horvath  · David T. S. Lin · Michael S. Kobor · Joseph A. Zoller · 
Jonathan W. Said · Susan Morgello · Elyse Singer · William H. Yong · 
Beth D. Jamieson · Andrew J. Levine

questions were pursued in a sample enriched for tis-
sue from HIV-infected individuals. We used a custom 
methylation array to generate DNA methylation data 
from 661 samples representing 11 human tissues (adi-
pose, blood, bone marrow, heart, kidney, liver, lung, 
lymph node, muscle, spleen and pituitary gland) from 
133 clinically characterized, deceased individuals, 
including 75 infected with HIV. We developed a mul-
timorbidity index based on the clinical disease his-
tory. Epigenetic age was moderately correlated across 
tissues. Blood had the greatest number and degree of 
correlation, most notably with spleen and bone mar-
row. However, blood did not correlate with epige-
netic age of liver. EAA in liver was weakly correlated 
with EAA in kidney, adipose, lung and bone marrow. 

Abstract Epigenetic clocks based on patterns of 
DNA methylation have great importance in under-
standing aging and disease; however, there are 
basic questions to be resolved in their application. It 
remains unknown whether epigenetic age accelera-
tion (EAA) within an individual shows strong cor-
relation between different primary tissue sites, the 
extent to which tissue pathology and clinical illness 
correlate with EAA in the target organ, and if EAA 
variability across tissues differs according to sex. 
Considering the outsized role of age-related illness 
in Human Immunodeficiency Virus-1 (HIV), these 
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Clinically, hypertension was associated with EAA 
in several tissues, consistent with the multiorgan 
impacts of this illness. HIV infection was associated 
with positive age acceleration in kidney and spleen. 
Male sex was associated with increased epigenetic 
acceleration in several tissues. Preliminary evidence 
indicates that amyotrophic lateral sclerosis is asso-
ciated with positive EAA in muscle tissue. Finally, 
greater multimorbidity was associated with greater 
EAA across all tissues. Blood alone will often fail 
to detect EAA in other tissues. While hypertension 
is associated with increased EAA in several tissues, 
many pathologies are associated with organ-specific 
age acceleration.

Keywords Epigenetic clock · DNA methylation · 
Cross tissue analysis · HIV · Hypertension

INTRODUCTION

Machine learning-based analyses of DNA methylation 
changes at cytosine residues of cytosine–phosphate–gua-
nine dinucleotides (CpGs) have generated multivariate age 
predictors, known as epigenetic clocks that use specific 
CpG methylation levels to estimate chronological age (i.e., 
DNAmAge) [1–5] and/or mortality risk [6–8]. When stud-
ying the relationship between age-related conditions and 
DNAmAge, it is important to adjust the analysis for chron-
ological age. To arrive at a non-confounded analysis, one 
can employ age-adjusted measures of DNAmAge, referred 
to as measures of epigenetic age acceleration (EAA).

The biological relevance of epigenetic measures 
of age acceleration can be appreciated by the fact 
that they relate to a host of age-related conditions 
and diseases [7]. EAA has been linked to conditions 
such as neuropathology in the elderly [9, 10], Down 
syndrome [11], Parkinson’s disease [12], Werner 

syndrome [13], physical/cognitive fitness [9], frailty 
[14] and centenarian status [15]. In addition to being 
predictive of all-cause mortality, DNAmAge accel-
eration in blood is associated with the risk of devel-
oping certain types of cancer [16–19]. In older indi-
viduals, positive EAA in blood is associated with an 
increased risk of death from all natural causes even 
after accounting for known risk factors [20–24].

The pan tissue clock [3] is particularly attractive 
for studying epigenetic aging effects in several differ-
ent tissues. For example, Down syndrome is associ-
ated with strong EAA in both blood and brain tissue 
[11]. Similarly, we have shown that HIV infection is 
associated with EAA in both blood and brain tissue 
[25–28], and that age acceleration in brain is associ-
ated with HIV-associated neurocognitive disorder 
[10]. These results lead to natural questions: 1) does 
EAA in one tissue (e.g., blood) correlate with EAA 
in another tissue (e.g., brain), 2) is EAA in an organ 
associated with tissue pathology and clinical illness, 
3) does EAA in specific organs underlie the higher 
rate of age-related illness among HIV-infected indi-
viduals, and 4) as our previous studies have shown 
that males age faster than females according to an 
epigenetic clock analysis of blood and brain tissue, 
are there sex differences in EAA across tissues?

By generating a large methylation data set from 
661 postmortem samples derived from 11 types of 
tissue, this study addresses several outstanding ques-
tions surrounding epigenetic clocks. First, to quantify 
the extent to which EAA in one tissue correlates with 
EAA in another tissue. We use both human tissues 
and animal tissues to address this question. Second, 
to relate measures of human tissue pathology and 
clinical illness to EAA in the same tissue or organ. 
Third, to define a multimorbidity index that corre-
lates with EAA in several non-blood tissues. Fourth, 
to extend previous findings from our group that HIV 
accelerates aging in blood and brain, by investigating 
the effect of HIV infection on age acceleration across 
these tissues. Finally, to study the effect of sex on 
EAA in different human tissues.(Table 1)

RESULTS

The mammalian methylation array platform (Hor-
vathMammalMethylChip40) [29] array allowed 
us to calculate two different epigenetic clocks: the 
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pan tissue  clock3 and the skin and blood clock [5]. 
Since we are working with many different tissues, 
we primarily focus on the results from the pan tis-
sue clock herein. As expected, the DNAmAge esti-
mate of the pan tissue clock is highly correlated with 

chronological age across all tissues (r = 0.64, Fig. 1A) 
and within specific tissues (Fig. 1B-K). The age cor-
relations persisted even with the somewhat limited 
age range of our sample, which was skewed towards 
older individuals (median age 57, range 26 to 91).

Table 1  Age and sex of 
persons from which tissue 
samples were derived

Tissue Total N Female N Mean Age Min. Age Max. Age

Adipose 57 18 57.3 27.9 77.6
Blood 32 8 55 26.2 76.1
Bone Marrow 20 6 54.7 38.3 73.9
Heart 97 38 56.1 27.9 91.2
Kidney 97 38 55.7 27.9 91.2
Liver 97 40 56.2 27.9 91.2
Lung 113 42 55.7 27.9 85.3
Lymph Node 27 9 60.2 38.3 77.6
Muscle 57 17 56.7 27.9 77.6
Pituitary 2 0 54.3 43.7 64.9
Spleen 62 19 57.3 27.9 85.3

Fig. 1  Pan tissue clock applied to different postmortem tis-
sues. DNAmAge estimate (y-axis) versus chronological age at 
the time of sample collection. A) All tissues, B) adipose, C) 
blood, D) bone marrow E) heart, F) kidney, G) liver, H) lung, 
I) muscle, J) spleen and K) lymph nodes. Dots are colored 

by hypertension status (red = diagnosis of hypertension) and 
labeled by sex (F = female, M = male). The title of each plot 
reports the Pearson correlation coefficient. The solid line cor-
responds to the diagonal y = x

GeroScience (2022) 44:1609–1620 1611
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Conservation of EAA across different human 
tissues

EAA is defined as the residual resulting from 
regressing DNAmAge on chronological age within 
the respective tissue. As illustrated in Fig.  2, we 
found that EAA in human blood is highly corre-
lated with EAA in spleen (r = 0.74), bone marrow 
(r = 0.71), lung (r = 0.62), muscle (r = 0.51), adipose 
(r = 0.47), kidney (r = 0.42) and heart (r = 0.34), 

but not in liver tissue. EAA in liver was instead 
correlated with EAA in kidney (r = 0.49), adi-
pose (r = 0.41), lung (r = 0.31) and bone marrow 
(r = 0.30).

Tissue pathology and clinical illness

We present a detailed analysis of all measures of tis-
sue pathology and clinical diagnoses versus EAA in 

Fig. 2  Conservation of EAA across different human tis-
sues. The diagonal reports the respective variables for each 
row: EAA measures and multimorbidity index. The panels 
below the diagonal show the pairwise scatter plots. The num-
bers above the diagonal report the corresponding Pearson cor-
relation coefficients between listed tissue for the row and the 
tissue listed lower down in the column. Each dot corresponds 
to a different person. For example, the multimorbidity index 
(last column) is correlated with epigenetic age acceleration 
in muscle (Pearson correlation 0.30). The measures of EAA 
were calculated within each tissue type based on the pan tis-

sue clock. A.Blood denotes the epigenetic age acceleration in 
blood, i.e., the age adjusted measure of DNAmAge in blood 
tissue. The first variable, ave.Accel, denotes the average EAA 
across all tissues. Average EAA per individual, ave.Accel in 
the first column, was defined as average EAA across the fol-
lowing measures of EAA: A.Adipose, A.Blood, A.BoneMar, 
A.Heart, A.Kidney, A.Liver, A.Lung, A.LymphNode, 
A.Muscle and A.Spleen. Morbidity denotes the multimorbid-
ity index. The analysis was limited in that each comparison 
involved a different set of individuals due to missing values

GeroScience (2022) 44:1609–16201612
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lung (Supplementary Fig.  7), liver (Supplementary 
Fig.  8), heart (Supplementary Fig.  9) and kidney 
(Supplementary Fig. 10).

We also found significant associations between 
EAA in different tissues and hypertension, diabetes, 
cardiac disease, severe coronary artery disease, cer-
ebrovascular disease, non-AIDS defining cancers, 
chronic renal disease and liver disease (e.g., hepa-
titis or end stage liver disease) (Fig.  3). Of particu-
lar interest, hypertension is associated with EAA, 
according to the pan tissue  clock3, across all tissues 
combined (p = 4.5E-5, Supplementary Fig.  2A), as 
well as individually with kidney (p = 0.0048, Sup-
plementary Fig. 2F), liver (p = 0.028, Supplementary 
Fig. 2G) and lymph nodes (p = 0.033, Supplementary 
Fig. 2 K). According to the skin and blood epigenetic 
 clock5, hypertension was again associated with EAA 
across all tissues combined (p = 0.00036, Supplemen-
tary Fig. 3A), and individually in kidney (p = 0.0095, 
Supplementary Fig. 3F).

Multimorbidity

For our study, we defined a novel multimorbidity 
index as the number of the following conditions per 
person: hypertension, type II diabetes, cardiovascu-
lar disease, non-AIDS defining cancer, chronic renal 
disease and hepatitis. For example, an individual with 
three conditions (e.g., hypertension, diabetes and 
cardiovascular disease) was assigned a multimorbid-
ity index score of 3. Descriptive statistics surround-
ing the multimorbidity index, age, HIV status and sex 
are presented in Supplementary Fig.  5. By design, 
the multimorbidity index is positively correlated with 
EAA in different tissues (Supplementary Fig.  6). 
Nominally significant positive correlations (p < 0.05) 
were observed in kidney, liver, lung and muscle (Sup-
plementary Fig. 6D-G).

Multivariable regression models that included 
age and sex revealed that the multimorbidity index is 
significantly associated with average EAA across all 

Fig. 3  Age-related conditions versus EAA in different tis-
sues. Epigenetic age acceleration (y-axis) versus different 
conditions (x-axis) in different human tissues. A) Adipose, B) 
Kidney, C) Liver, D) Muscle, E) Liver, F) Adipose, G-J) Kung, 
K) Kidney. L) Lung. We caution the reader that liver-other-

pathology (panel L) is not a clinical disease and may not be 
age related. A-D) relates hypertension status to epigenetic age 
acceleration. I) CVD denotes cerebrovascular disease. J) Non-
AIDS defining cancer status

GeroScience (2022) 44:1609–1620 1613



1 3
Vol:. (1234567890)

tissues (p = 5.26E-4, Table  2). However, the average 
EAA, age and sex explain only 17% of the variance in 
the multimorbidity index (17%, R^2 = 0.17). We also 
evaluate the relationship between multimorbidity and 
DNAmAge in specific tissues (Table  2). Strikingly, 
the pan tissue clock showed a nominally significant 
association (two-sided p < 0.062) with the multimor-
bidity index after correcting for age and sex.

The multimorbidity index correlated with average 
EAA across all tissues (r = 0.29, Fig. 2) and EAA in 
muscle (r = 0.30), adipose (r = 0.24), lung (r = 0.22), 
kidney (r = 0.22) and liver (r = 0.21) but not blood. 
We caution the reader that our analysis involving the 
multimorbidity index is biased since the conditions 
underlying the index were chosen so that the result-
ing index exhibits a positive association with EAA. 
Another source of bias arises from uneven missing-
ness patterns. Figure  2 may be biased because each 
pairwise comparison uses different people due to 
missing values. Therefore, we repeated the analysis 
limited to 77 individuals with at most 2 missing val-
ues across a subset of tissues. We found qualitatively 
the same results (Supplementary Fig. 4).

HIV status and ALS status

A scatter plot reveals that kidney tissue from HIV-positive 
individuals exhibit increased DNAmAge compared to that of 
HIV-negative individuals (Supplementary Fig. 1). Multivari-
able regression model analysis finds that HIV status is posi-
tively associated with DNAmAge in kidney (p = 1.66E-4) but 
negatively associated with DNAmAge in muscle (p = 1.16E-4) 
even after adjusting for the morbidity index and sex (Table 3).

Since the negative association between HIV and 
DNAmAge in muscle was unexpected, we carried 
out two follow-up analyses. First, we investigated 
whether testosterone treatment taken by HIV-positive 
individuals could explain this unexpected negative 
association. We did not find a significant associa-
tion between testosterone treatment and DNAmAge 
in muscle among the 20 HIV positive men for whom 
testosterone treatment status was available at the time 
of death (9 treated and 11 untreated). Second, we 
studied whether confounding by amyotrophic lateral 
sclerosis (ALS) could explain the unexpected nega-
tive association. Our study involved 18 ALS cases 
(5 HIV positive and 13 HIV negative ALS cases). 
ALS was associated with significantly increased 

Table 2  Multivariable regression model of the multimorbidity index

The dependent variable (multimorbidity index) was regressed 
on chronological age, female status (sex) and DNAmAge cal-
culated using the pan tissue clock. DNAmAge is equivalent 
to AgeAccel in a multivariate regression model that includes 
chronological age as covariate. The table presents the results 
from seven different multivariable regression models that differ 
with respect to the DNAm-based biomarker under investiga-
tion. Model 1 presents the results of the average EAA across 
all considered tissues. Average EAA per individual, ave.Accel, 
was defined as average EAA across the following measures of 
EAA: A.Adipose, A.Blood, A.BoneMar, A.Heart, A.Kidney, 
A.Liver, A.Lung, A.LymphN, A.Muscle, A.Spleen. Missing 
values were omitted from the average. Models 2–7 present 
analogous results in kidney, liver, lung, skeletal muscle tissue, 
adipose and lymph nodes, respectively. The table reports all 
results whose nominal p value for the methylation-based covar-
iate was significant with a nominal p value less than 0.10

Model 1. Outcome = Morbidity Index, Overall 
R-squared: = 0.17

Covariate Coef Std.Error T statistic P-value

Age 0.0283 0.0087 3.26 1.42E-03
ave.Accel 0.0880 0.0247 3.56 5.26E-04
Female 0.3764 0.2046 1.84 6.82E-02
Model 2. Kidney, Outcome = Morbidity Index
Age -0.0193 0.0166 -1.16 2.48E-01
DNAmAgeKid-

ney
0.0510 0.0202 2.52 1.30E-02

Female 0.2814 0.1883 1.49 1.38E-01
Model 3. Liver, Outcome = Morbidity Index
Age -0.0015 0.0136 -0.11 9.15E-01
DNAmAgLiver 0.0299 0.0126 2.36 2.00E-02
Female 0.1428 0.2167 0.66 5.11E-01
Model 4. Lung, Outcome = Morbidity Index
Age -0.0026 0.0167 -0.15 8.79E-01
DNAmAgeLung 0.0481 0.0178 2.70 7.84E-03
Female 0.1041 0.2059 0.51 6.14E-01
Model 5. Muscle, Outcome = Morbidity Index
Age -0.0093 0.0122 -0.76 4.48E-01
DNAmAgeMuscle 0.0454 0.0181 2.51 1.45E-02

Female 0.0361 0.2322 0.16 8.77E-01
Model 6. Adipose, Outcome = Morbidity Index
Age -0.0247 0.0194 -1.27 2.08E-01
DNAmAgeAdipose 0.0438 0.0230 1.90 6.17E-02

Female -0.1637 0.2523 -0.65 5.19E-01
Model 7. Lymph Node, Outcome = Morbidity Index
Age -0.0267 0.0232 -1.15 2.61E-01
DNAmAge-

Lymph
0.0679 0.0335 2.03 5.36E-02

Female 0.2402 0.4476 0.54 5.96E-01

GeroScience (2022) 44:1609–16201614
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DNAmAge (5.5  years, p = 0.0038) in muscle tissue 
even after adjusting for age and sex. However, neither 
ALS nor HIV status was significantly associated with 
DNAmAge in muscle after including both covariates 

in a multivariate regression model along with sex. 
This insignificant effect of both covariates may be 
due to significant multi-collinearity (chi-square test 
p = 5.1 ×  10–7) between ALS and HIV status: most 
ALS cases did not have HIV and vice versa. Over-
all, the negative association between DNAmAge and 
HIV status in muscle tissue is no longer significant 
(p > 0.2) after we adjust for ALS status.

When using the skin and blood  clock5 for the spleen 
samples, we found that HIV status is associated with 
epigenetic age acceleration (multivariate regression 
model Wald test p = 0.02 in a model that only included 
Age and HIV status). The latter result echoes our 
original finding that HIV accelerates epigenetic age of 
blood since epigenetic aging effects are highly corre-
lated between spleen and blood (r = 0.74, Fig. 2).

Effect of sex on EAA across tissues/organs

Men were found to exhibit higher EAA than women 
across all tissues when analyzed together (p = 4.4E-
7, Fig. 4A). Statistically significant results were also 
observed in individual tissues (muscle, spleen and 
lymph nodes; Fig. 4I-K).

Conservation of EAA across different baboon 
tissues

Since our cross tissue analysis of epigenetic age 
acceleration in humans may be confounded by long 
postmortem intervals, we repeated the analysis for 
two animal models. Our pan tissue clock for baboons 
(Papio hamadryas) [30] revealed weak pairwise cor-
relations between epigenetic age acceleration across 
different baboon tissues (Supplementary Fig.  11). 
The strongest correlations could observed between 
baboon cerebral cortex and cerebellum (r = 0.44), cer-
ebral cortex and heart (r = 0.36), cerebral cortex and 
muscle (r = 0.30) and adipose and liver (r = 0.40).

Conservation of EAA across different swine 
tissues

We used leave one sample out estimates of epige-
netic age acceleration based on the pan tissue clock 
for pigs [31]. We restricted the analysis to pigs for 

Table 3  Multivariable regression model of HIV status

The table presents the results of different multivariable regres-
sion models that differ with respect to the DNAm-based bio-
marker under investigation. ave.Accel = average EAA across 
multiple tissues. Model 1 presents the results of the average 
EAA across all considered tissues. Models 2–4 present results 
for DNAm age in kidney, skeletal muscle and spleen, respec-
tively. The table reports only reports the regression results the 
case where the methylation-based dependent variable led an 
association test result with the morbidity index whose nominal 
p value was less than 0.10

Covariate Coef Std. Error T-stat P value
Model 1: Average Epigenetic Accel

HIVstatus -0.1007 0.7923 -0.13 8.99E-01
Age 0.0231 0.0329 0.70 4.84E-01
Female -1.8369 0.7247 -2.53 1.25E-02
Model 2: Kidney DNAmAge
HIVstatus 3.6646 0.9623 3.81 2.30E-04
Age 0.7486 0.0402 18.62 6.10E-36
Female -0.2140 0.8423 -0.25 8.00E-01
Model 3. Muscle DNAmAge
HIVstatus -5.7095 1.4722 -3.88 2.32E-04
Age 0.3945 0.0554 7.12 7.04E-10
Female -5.9968 1.2966 -4.63 1.64E-05
Model 4: Average Epigenetic Accel
Covariate Coef Std. Error T-stat P value
HIVstatus 0.4268 0.7720 0.55 5.81E-01
Age -0.0017 0.0322 -0.05 9.57E-01
Female -1.9792 0.6944 -2.85 5.10E-03
Morbidity 1.0534 0.2936 3.59 4.74E-04
Model 5: Kidney DNAmAge
HIVstatus 3.6537 0.9370 3.90 1.66E-04
Age 0.7310 0.0397 18.42 2.13E-35
Female -0.4712 0.8257 -0.57 5.69E-01
Morbidity 1.0575 0.3971 2.66 8.91E-03
Model 6. Muscle DNAmAge
HIVstatus -5.7410 1.4060 -4.08 1.16E-04
Age 0.3734 0.0534 6.99 1.32E-09
Female -5.6548 1.2443 -4.54 2.24E-05
Morbidity 1.8116 0.6468 2.80 6.59E-03
Model 7: Spleen DNAmAge
HIVstatus 3.3242 1.8866 1.76 8.23E-02
Age 0.5758 0.0699 8.24 5.45E-12
Morbidity 0.3798 0.6895 0.55 5.83E-01
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whom all 6 tissues were available (bladder, blood, 
frontal cortex, kidney, liver and lung), i.e., the 
same number of animals were studied for each 
tissue. We found moderate pairwise correlations 
between epigenetic age acceleration of the pan tis-
sue clock across different pig tissues. Relatively 
strong pairwise correlations could be observed for 
epigenetic age acceleration in liver tissue which 
was positively correlated with epigenetic age 
acceleration in kidney (r = 0.62), lung (r = 0.48), 
frontal cortex (r = 0.45), blood (r = 0.44) and blad-
der (r = 0.25).

Epigenetic age acceleration in lung was cor-
related with epigenetic age acceleration kidney 
(r = 0.79), blood (r = 0.48), and liver r = 0.48) but 
not with frontal cortex (r = -0.09).

Epigenetic age acceleration in pig blood was cor-
related with epigenetic age acceleration in kidney 
(r = 0.43), liver (r = 0.44) and lung (r = 0.48), but it 
only related very weakly with frontal cortex (r = 0.14) 
and bladder (r = 0.18).

DISCUSSION

In a previous study, we showed that sex was associ-
ated with EAA in blood and brain tissue. The cur-
rent study extends this finding to many other tissues 
[32]. We initiated this investigation with the benefit 
of experience gained from our work with epigenetic 
clocks. [3, 5, 6, 8] As expected, we found that epi-
genetic age is largely correlated across tissues and 
organs. Blood had the greatest number and degree of 
correlations, most notably with spleen and bone mar-
row. Epigenetic age in blood did not correlate with 
that of liver. Instead, EAA in liver was weakly cor-
related with EAA in kidney, adipose, lung and bone 
marrow. In general, heart, liver and muscle had the 
weakest and fewest correlations with other tissues and 
organs. These findings indicate that 1) blood remains 
the best candidate for measuring overall EAA, and 2) 
the epigenetic age of tissues and organs accelerates 
at different rates, with some more independent than 
others.

Fig. 4  Effect of sex on EAA in different tissues. EAA within 
tissue (y-axis) is defined as the residual resulting from regress-
ing DNAmAge on chronological age within a given tissue 
type. The grey numbers underneath each bar report the number 
of samples from females and males (x-axis). The title of each 
panel reports the result from a non-parametric group com-

parison test (Kruskal–Wallis test). A) Results for all tissues 
combined, i.e., the analysis ignores tissue type. B-K report the 
results for different tissues/organs B) adipose, C) blood, D) 
bone marrow, E) heart, F) Kidney, G) liver, H) lung, I) muscle, 
J) spleen, K) lymph node

GeroScience (2022) 44:1609–16201616
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In a previous study, we only found weak (but sig-
nificant) positive correlations (correlation between 
0.04 and 0.07) between systolic blood pressure and 
EAA in blood [33]. Therefore, we were surprised 
to learn that hypertension was associated with EAA 
in several organs and tissues (heart, kidney, liver 
and muscle) according to the pan tissue clock. This 
could simply reflect the fact that hypertension leads 
to pathology in these organs [34]. Notably, another 
group recently reported that accelerated aging accord-
ing to alternative epigenetic clocks is associated with 
organ damage in kidney, heart, brain and peripheral 
arteries [35]. However, these effects were attenuated 
when clinical factors (BMI, diabetes and smoking 
history) were included in the analysis. Conversely, 
inclusion of hypertension in the analyses generally 
did not attenuate the significance of the associations 
between epigenetic age and tissue pathology. Similar 
to our previous findings, the other research group did 
not find their epigenetic aging measures to be associ-
ated with diastolic or systolic blood pressure.

By design, our multimorbidity index, which is 
quantified as the sum of up to six medical condi-
tions, is positively correlated with EAA in liver, lung, 
muscle and kidney, as well as a composite measure 
of age acceleration across all tissues sampled. Future 
studies, in which pre-mortem medical conditions are 
thoroughly documented, might consider applying 
alternative multimorbidity indexes, such as those that 
provide weights for more serious medical conditions 
[36, 37] and which have been applied in specific con-
texts, such as HIV research. [38–40]

Several studies have examined the effect of HIV on 
methylation levels in different organs [27, 41, 42].

Compared to tissues from uninfected individuals, 
those from HIV-positive individuals exhibit increased 
DNAmAge in kidney. HIV-1 infection is associated 
with an increased risk for a number of diseases and 
medical conditions typically associated with aging, 
including cardiovascular disease, osteoporosis, sev-
eral cancers, kidney disease, liver disease and cogni-
tive decline [43–55]. We previously demonstrated the 
clinical relevance of DNAm-based accelerated aging 
in HIV-infected individuals. Specifically, we reported 
that the brains of deceased adults diagnosed with neu-
rocognitive impairment within a year of death had 
greater age acceleration than those who were cogni-
tively normal [56]. More recently, we reported that 
neurodevelopment and neuropsychological deficits 

in perinatally HIV-infected adolescents are associ-
ated with accelerated aging [26, 42]. The current 
findings support age acceleration only in kidney, as 
well as an association between age acceleration and 
kidney disease. However, the lack of findings of rela-
tively greater age acceleration in other tissues does 
not support the hypothesis that HIV-induced acceler-
ated aging leads to increased incidence of age-related 
medical conditions via direct effects on underlying 
organs.

The unexpected finding that HIV status is nega-
tively associated with DNAmAge in muscle (even 
after adjusting for the morbidity index and sex) prob-
ably reflects confounding by ALS status. In the same 
data, we found that ALS was associated with signifi-
cant positive age acceleration in muscle tissue. The 
nature of ALS disease causes muscle atrophy as the 
nerve no longer innervates the muscle. Strictly speak-
ing, strong confounding/multi-collinearity between 
ALS status and HIV status does not allow us to dis-
tinguish between the following possibilities: either 
ALS is associated with positive age acceleration or 
HIV is associated with negative age acceleration in 
muscle. The majority of our HIV + patients were men 
and either worked out and/or may have received ana-
bolic steroids as therapy. Future studies focusing on 
these aspects will be needed to resolve the observed 
complexity.

Overall, this study reveals only moderate conser-
vation of epigenetic aging effects across different 
tissues from 3 different species: human, baboon and 
pig. Overall, we expect that blood will often be a sub-
optimal surrogate for other tissues when it comes to 
epigenetic aging effects. This judgement is based on 
a) the moderate correlation coefficients between age 
acceleration in blood and that of other tissues and b) 
the fact that several conditions are associated with tis-
sue specific age acceleration effects. It will be advis-
able to profile several sources of DNA (including 
blood, buccal cells, adipose and skin) to get a com-
prehensive picture of the epigenetic aging state of an 
individual.

METHODS

Tissue Samples: This study was conducted in accord-
ance with the University of California, Los Angeles 
Medical Institutional Review Board (IRB). Clinical 
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and pathological data and biological samples came 
from 133 HIV-infected and uninfected individu-
als enrolled in either the National Neurological 
AIDS Bank (NNAB) or Manhattan HIV Brain 
Bank MHBB) sites of the National NeuroAIDS Tis-
sue Consortium (NNTC)57,58. All individuals died 
between 2001 and 2016. These biorepositories oper-
ate in accordance with their local IRBs and act as 
“honest brokers” in maintaining participant confiden-
tiality. All samples were obtained with approved con-
sents allowing for genetic analysis. Donors contribut-
ing to this study died between 2001 and 2016.

Tissue Pathology: At the time of autopsy, repre-
sentative samples of all tissues were obtained and 
flash frozen, as well as fixed in formalin. Formalin 
fixed tissues were processed for paraffin embedding 
and routine histology. Hematoxylin and eosin stains 
were examined by board certified anatomic patholo-
gists (SM and JS), and special stains obtained as indi-
cated by the histopathology. Slides were reviewed by 
two pathologists to arrive at concordant diagnoses.

Clinical Characterization: Age and sex of donors 
for each tissue are displayed in Table  1. Medical 
diagnoses were obtained by self-report and/or medi-
cal record review. The NNTC routinely collects data 
on hypertension, diabetes, dyslipidemia, hepatitis 
and liver disease, chronic renal disease, cardiac dis-
ease, chronic obstructive pulmonary disease, can-
cer, cerebrovascular disease and diverse neurologic 
conditions.

Multimorbidity: The conditions underlying the 
multimorbidity index were chosen so that the result-
ing index would exhibit a positive association 
between the index and EAA. In other words, the anal-
ysis is biased. Thus, the p-value should be interpreted 
as descriptive measure as opposed to an inferential 
measure. Our version of the multimorbidity index 
counts the number of conditions an individual had 
at the time of death. The selected conditions were: 
hypertension, type-2 diabetes, cardiovascular disease 
(CVD), non-AIDS defining cancers, chronic renal 
disease and hepatitis.

DNA Methylation: We used the mammalian meth-
ylation array 29 to generate DNA methylation data 
from n = 672 samples representing 11 human tis-
sues (adipose, blood, bone marrow, heart, kidney, 
liver, lung, lymph node, muscle, spleen and pituitary 
gland). We removed n = 11 samples from the analy-
sis since they were outliers according to hierarchical 

clustering, the inter-array correlation coefficient, or 
detection p values.

All methylation data were generated using a cus-
tom Illumina methylation array (HorvathMammal-
MethylChip40) based on 37,492 CpG sites 29. Of 
these, 1986 CpGs were cgiseb based on their utility 
for human biomarker studies; these CpGs, which were 
previously implemented in human Illumina Infinium 
arrays (EPIC, 450 K, 27 K), were selected due to their 
relevance for estimating human age, human blood cell 
counts or the proportion of neurons in human brain 
tissue. The particular subset of species for each probe 
is provided in the chip manifest file at the NCBI Gene 
Expression Omnibus (GEO) platform (GPL28271). 
The "noob" normalization method was used to define 
beta values using the minfi R package 59,60.

Acknowledgements and Funding This study was funded 
by the National Institute on Aging grant R21AG046954 
(Horvath and Levine), NIA 1U01AG060908 (Horvath) and 
Paul G. Allen Frontiers Group (SH). BDJ was funded by R01 
AG052340, NIA and U01 HL146333 (Detels). The NNAB and 
MHBB are funded by the National Institute of Mental Health 
grants U24MH100929 (Singer) and U24MH100931 (Morg-
ello), respectively. These biorepositories thank their staff and 
study participants for their time and dedication.

CONTRIBUTIONS SH and AJL conceived of the study. 
SH and JAZ carried out the statistical analyses. DTSL and MK 
processed the samples for DNA methylation. SM, JS and WY 
conducted pathological characterization. The other authors 
contributed data. All authors helped with the write-up and par-
ticipated in the interpretation of the results.

Declarations 

COMPETING INTERESTS SH is a founder of the non-
profit Epigenetic Clock Development Foundation which plans 
to license several patents from his employer UC Regents. These 
patents list SH as inventor.

Open Access This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits 
use, sharing, adaptation, distribution and reproduction in any 
medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Crea-
tive Commons licence, and indicate if changes were made. The 
images or other third party material in this article are included 
in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your 
intended use is not permitted by statutory regulation or exceeds 
the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit 
http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

GeroScience (2022) 44:1609–16201618

http://creativecommons.org/licenses/by/4.0/


1 3
Vol.: (0123456789)

References

 1. Bocklandt S, et  al. Epigenetic predictor of age. PLoS 
ONE. 2011;6: e14821. https:// doi. org/ 10. 1371/ journ al. 
pone. 00148 21.

 2. Hannum G, et  al. Genome-wide methylation profiles 
reveal quantitative views of human aging rates. Mol 
Cell. 2013;49:359–67. https:// doi. org/ 10. 1016/j. molcel. 
2012. 10. 016.

 3. Horvath S. DNA methylation age of human tissues and 
cell types. Genome Biol. 2013;14:R115. https:// doi. org/ 
10. 1186/ gb- 2013- 14- 10- r115.

 4. Lin Q, et al. DNA methylation levels at individual age-
associated CpG sites can be indicative for life expec-
tancy. Aging (Albany NY). 2016;8:394–401.

 5. Horvath, S. et al. Epigenetic clock for skin and blood 
cells applied to Hutchinson Gilford Progeria Syndrome 
and ex vivo studies. Aging (Albany NY) 10, 1758–1775, 
https:// doi. org/ 10. 18632/ aging. 101508 (2018).

 6. Levine, M. E. et al. An epigenetic biomarker of aging 
for lifespan and healthspan. Aging (Albany NY), https:// 
doi. org/ 10. 18632/ aging. 101414 (2018).

 7. S Horvath K Raj 2018 DNA methylation-based bio-
markers and the epigenetic clock theory of ageing Nat 
Rev Genet https:// doi. org/ 10. 1038/ s41576- 018- 0004-3

 8. Lu, A. T. et al. DNA methylation GrimAge strongly 
predicts lifespan and healthspan. Aging (Albany NY) 11, 
303–327, https:// doi. org/ 10. 18632/ aging. 101684 (2019).

 9. Marioni, R., Shah, S., McRae, A. F., Ritchie, S. J. & 
Muniz-Terrera, G. The epigenetic clock is correlated 
with physical and cognitive fitness in the Lothian Birth 
Cohort 1936. Int J Epidemiol 44, https:// doi. org/ 10. 
1093/ ije/ dyu277 (2015).

 10. Levine AJ, et al. Accelerated epigenetic aging in brain is 
associated with pre-mortem HIV-associated neurocog-
nitive disorders. J Neurovirol. 2016;22:366–75. https:// 
doi. org/ 10. 1007/ s13365- 015- 0406-3.

 11. Horvath, S. et al. Accelerated Epigenetic Aging in 
Down Syndrome. Aging Cell 14, https:// doi. org/ 10. 
1111/ acel. 12325 (2015).

 12. Horvath, S. & Ritz, B. R. Increased epigenetic age and 
granulocyte counts in the blood of Parkinson’s disease 
patients. Aging (Albany NY) 7, 1130–1142, https:// doi. 
org/ 10. 18632/ aging. 100859 (2015).

 13. Maierhofer, A. et al. Accelerated epigenetic aging in 
Werner syndrome. Aging (Albany NY) (2017).

 14. Breitling LP, et al. Frailty is associated with the epige-
netic clock but not with telomere length in a German 
cohort. Clin Epigenetics. 2016;8:21. https:// doi. org/ 10. 
1186/ s13148- 016- 0186-5.

 15. Horvath, S. et al. Decreased epigenetic age of PBMCs 
from Italian semi-supercentenarians and their offspring. 
Aging (Albany NY) 7, https:// doi. org/ 10. 18632/ aging. 
100861 (2015).

 16. Levine ME, et  al. DNA methylation age of blood pre-
dicts future onset of lung cancer in the women’s health 
initiative. Aging (Albany NY). 2015;7:690–700.

 17. Zheng Y, et al. Blood Epigenetic Age may Predict Can-
cer Incidence and Mortality. EBioMedicine. 2016;5:68–
73. https:// doi. org/ 10. 1016/j. ebiom. 2016. 02. 008.

 18. Ambatipudi S, et  al. DNA methylome analysis identi-
fies accelerated epigenetic ageing associated with post-
menopausal breast cancer susceptibility. Eur J Cancer. 
2017;75:299–307. https:// doi. org/ 10. 1016/j. ejca. 2017. 
01. 014.

 19. Durso, D. F. et al. Acceleration of leukocytes’ epige-
netic age as an early tumor and sex-specific marker of 
breast and colorectal cancer. Oncotarget 8, 23237–23245, 
https:// doi. org/ 10. 18632/ oncot arget. 15573 (2017).

 20. Marioni R, et al. DNA methylation age of blood predicts 
all-cause mortality in later life. Genome Biol. 2015;16:25.

 21. Christiansen L, et al. DNA methylation age is associated 
with mortality in a longitudinal Danish twin study. Aging 
Cell. 2016;15:149–54. https:// doi. org/ 10. 1111/ acel. 12421.

 22. Perna L, et al. Epigenetic age acceleration predicts cancer, 
cardiovascular, and all-cause mortality in a German case 
cohort. Clin Epigenetics. 2016;8:64. https:// doi. org/ 10. 
1186/ s13148- 016- 0228-z.

 23. Chen, B. H. et al. DNA methylation-based measures of 
biological age: meta-analysis predicting time to death. 
Aging (Albany NY) 8, 1844–1865, https:// doi. org/ 10. 
18632/ aging. 101020 (2016).

 24. PA Dugue et  al 2017 Association of DNA Methylation-
Based Biological Age with Health Risk Factors, and 
Overall and Cause-Specific Mortality Am J Epidemiol-
https:// doi. org/ 10. 1093/ aje/ kwx291

 25. S Horvath AJ Levine 2015 HIV-1 Infection Acceler-
ates Age According to the Epigenetic Clock J Infect Dis 
https:// doi. org/ 10. 1093/ infdis/ jiv277

 26. Horvath S, et al. Perinatally acquired HIV infection accel-
erates epigenetic aging in South African adolescents. 
AIDS. 2018;32:1465–74. https:// doi. org/ 10. 1097/ QAD. 
00000 00000 001854.

 27. Esteban-Cantos A, et  al. Epigenetic age acceleration 
changes 2 years after antiretroviral therapy initiation in 
adults with HIV: a substudy of the NEAT001/ANRS143 
randomised trial. Lancet HIV. 2021;8:e197–205. https:// 
doi. org/ 10. 1016/ s2352- 3018(21) 00006-0.

 28. Musa J, et  al. Accelerated epigenetic age among HIV-
infected Nigerian women with invasive cervical cancer. J 
Clin Oncol. 2021;39:e17504–e17504. https:// doi. org/ 10. 
1200/ JCO. 2021. 39. 15_ suppl. e17504.

 29. Arneson A, et  al. A mammalian methylation array for 
profiling methylation levels at conserved sequences. 
Nat Commun. 2022;13:783. https:// doi. org/ 10. 1038/ 
s41467- 022- 28355-z.

 30. Horvath, S. et al. Pan-primate DNA methylation clocks. 
bioRxiv, 2020.2011.2029.402891, https:// doi. org/ 10. 1101/ 
2020. 11. 29. 402891 (2021).

 31. KM Schachtschneider et  al 2021 Epigenetic clock 
and DNA methylation analysis of porcine models of 
aging and obesity GeroSciencehttps:// doi. org/ 10. 1007/ 
s11357- 021- 00439-6

 32. Horvath S, et  al. An epigenetic clock analysis of race/
ethnicity, sex, and coronary heart disease. Genome Biol. 
2016;17:171. https:// doi. org/ 10. 1186/ s13059- 016- 1030-0.

 33. Quach, A. et al. Epigenetic clock analysis of diet, exer-
cise, education, and lifestyle factors. Aging (Albany NY) 9, 
419–446, https:// doi. org/ 10. 18632/ aging. 101168 (2017).

 34. Nadar SK, Tayebjee MH, Messerli F, Lip GY. Tar-
get organ damage in hypertension: pathophysiology 

GeroScience (2022) 44:1609–1620 1619

https://doi.org/10.1371/journal.pone.0014821
https://doi.org/10.1371/journal.pone.0014821
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.1186/gb-2013-14-10-r115
https://doi.org/10.18632/aging.101508
https://doi.org/10.18632/aging.101414
https://doi.org/10.18632/aging.101414
https://doi.org/10.1038/s41576-018-0004-3
https://doi.org/10.18632/aging.101684
https://doi.org/10.1093/ije/dyu277
https://doi.org/10.1093/ije/dyu277
https://doi.org/10.1007/s13365-015-0406-3
https://doi.org/10.1007/s13365-015-0406-3
https://doi.org/10.1111/acel.12325
https://doi.org/10.1111/acel.12325
https://doi.org/10.18632/aging.100859
https://doi.org/10.18632/aging.100859
https://doi.org/10.1186/s13148-016-0186-5
https://doi.org/10.1186/s13148-016-0186-5
https://doi.org/10.18632/aging.100861
https://doi.org/10.18632/aging.100861
https://doi.org/10.1016/j.ebiom.2016.02.008
https://doi.org/10.1016/j.ejca.2017.01.014
https://doi.org/10.1016/j.ejca.2017.01.014
https://doi.org/10.18632/oncotarget.15573
https://doi.org/10.1111/acel.12421
https://doi.org/10.1186/s13148-016-0228-z
https://doi.org/10.1186/s13148-016-0228-z
https://doi.org/10.18632/aging.101020
https://doi.org/10.18632/aging.101020
https://doi.org/10.1093/aje/kwx291
https://doi.org/10.1093/infdis/jiv277
https://doi.org/10.1097/QAD.0000000000001854
https://doi.org/10.1097/QAD.0000000000001854
https://doi.org/10.1016/s2352-3018(21)00006-0
https://doi.org/10.1016/s2352-3018(21)00006-0
https://doi.org/10.1200/JCO.2021.39.15_suppl.e17504
https://doi.org/10.1200/JCO.2021.39.15_suppl.e17504
https://doi.org/10.1038/s41467-022-28355-z
https://doi.org/10.1038/s41467-022-28355-z
https://doi.org/10.1101/2020.11.29.402891
https://doi.org/10.1101/2020.11.29.402891
https://doi.org/10.1007/s11357-021-00439-6
https://doi.org/10.1007/s11357-021-00439-6
https://doi.org/10.1186/s13059-016-1030-0
https://doi.org/10.18632/aging.101168


1 3
Vol:. (1234567890)

and implications for drug therapy. Curr Pharm Des. 
2006;12:1581–92. https:// doi. org/ 10. 2174/ 13816 12067 
76843 368.

 35. Smith JA, et  al. Intrinsic and extrinsic epigenetic age 
acceleration are associated with hypertensive tar-
get organ damage in older African Americans. BMC 
Med Genomics. 2019;12:141. https:// doi. org/ 10. 1186/ 
s12920- 019- 0585-5.

 36. D’Hoore W, Sicotte C, Tilquin C. Risk adjustment in out-
come assessment: the Charlson comorbidity index. Meth-
ods Inf Med. 1993;32:382–7.

 37. Griffith, L. E. et al. Key factors to consider when meas-
uring multimorbidity: Results from an expert panel and 
online survey. J Comorb 8, 2235042X18795306, https:// 
doi. org/ 10. 1177/ 22350 42X18 795306 (2018).

 38. Skiest DJ, Rubinstien E, Carley N, Gioiella L, Lyons R. 
The importance of comorbidity in HIV-infected patients 
over 55: a retrospective case-control study. Am J Med. 
1996;101:605–11.

 39. Rodriguez-Penney AT, et  al. Co-morbidities in persons 
infected with HIV: increased burden with older age and 
negative effects on health-related quality of life. AIDS 
Patient Care STDS. 2013;27:5–16. https:// doi. org/ 10. 
1089/ apc. 2012. 0329.

 40. Dimitroulis, D. et al. Influence of HIV virus in the hospi-
tal stay and the occurrence of postoperative complications 
classified according to the Clavien-Dindo classification 
and in comparison with the Charlson Comorbidity Index 
in patients subjected to urologic and general surgery oper-
ations. Our preliminary results. Arch Ital Urol Androl 89, 
125–129, https:// doi. org/ 10. 4081/ aiua. 2017.2. 125 (2017).

 41. Hernandez Cordero AI, et  al. DNA methylation is asso-
ciated with airflow obstruction in patients living with 
HIV. Thorax. 2021;76:448. https:// doi. org/ 10. 1136/ thora 
xjnl- 2020- 215866.

 42. J Hoare et  al 2021 Accelerated epigenetic aging in ado-
lescents living with HIV is associated with altered devel-
opment of brain structures J Neurovirolhttps:// doi. org/ 10. 
1007/ s13365- 021- 00947-3

 43. Thomas J, Doherty SM. HIV infection–a risk fac-
tor for osteoporosis. J Acquir Immune Defic Syndr. 
2003;1999(33):281–91.

 44. Grinspoon S, Carr A. Cardiovascular Risk and Body-Fat 
Abnormalities in HIV-Infected Adults. N Engl J Med. 
2005;352:48–62. https:// doi. org/ 10. 1056/ NEJMr a0418 11.

 45. Fausto A, et al. Potential predictive factors of osteoporosis 
in HIV-positive subjects. Bone. 2006;38:893–7.

 46. Triant VA, Lee H, Hadigan C, Grinspoon SK. Increased 
Acute Myocardial Infarction Rates and Cardiovascu-
lar Risk Factors among Patients with Human Immu-
nodeficiency Virus Disease. J Clin Endocrinol Metab. 
2007;92:2506–12. https:// doi. org/ 10. 1210/ jc. 2006- 2190.

 47. Lucas GM, et al. End-stage renal disease and chronic kid-
ney disease in a cohort of African-American HIV-infected 
and at-risk HIV-seronegative participants followed 
between 1988 and 2004. AIDS. 2007;21:2435–43.

 48. Silverberg M, et  al. HIV infection and the risk of can-
cers with and without a known infectious cause. AIDS. 
2009;23:2337–45. https:// doi. org/ 10. 1097/ QAD. 0b013 
e3283 319184.

 49. Martin J, Volberding P. HIV and Premature Aging: A 
Field Still in Its Infancy. Ann Intern Med. 2010;153:477–
9. https:// doi. org/ 10. 7326/ 0003- 4819- 153-7- 20101 
0050- 00013.

 50. Deeks SG. HIV Infection, Inflammation, Immunose-
nescence, and Aging. Annu Rev Med. 2011;62:141–55. 
https:// doi. org/ 10. 1146/ annur ev- med- 042909- 093756.

 51. Desquilbet L, et  al. A Frailty-Related Phenotype Before 
HAART Initiation as an Independent Risk Factor for 
AIDS or Death After HAART Among HIV-Infected Men. 
J Gerontol A Biol Sci Med Sci. 2011;66A:1030–8. https:// 
doi. org/ 10. 1093/ gerona/ glr097.

 52. Silverberg MJ, et  al. HIV Infection, Immunodeficiency, 
Viral Replication, and the Risk of Cancer. Cancer Epide-
miol Biomark Prev. 2011;20:2551–9. https:// doi. org/ 10. 
1158/ 1055- 9965. epi- 11- 0777.

 53. Womack JA, et  al. Increased Risk of Fragility Fractures 
among HIV Infected Compared to Uninfected Male Veter-
ans. PLoS ONE. 2011;6: e17217. https:// doi. org/ 10. 1371/ 
journ al. pone. 00172 17.

 54. Wendelken L, Valcour V. Impact of HIV and aging on 
neuropsychological function. J Neurovirol. 2012;18:256–
63. https:// doi. org/ 10. 1007/ s13365- 012- 0094-1.

 55. Kirk, G. D. et al. HIV, Age, and the Severity of Hepatitis 
C Virus–Related Liver DiseaseA Cohort Study. Annals of 
Internal Medicine N/A, N/A-N/A, https:// doi. org/ 10. 7326/ 
0003- 4819- 158-9- 20130 5070- 00604 (2013).

 56. AJ Levine et  al 2015 Accelerated epigenetic aging in 
brain is associated with pre-mortem HIV-associated neu-
rocognitive disorders J Neurovirolhttps:// doi. org/ 10. 1007/ 
s13365- 015- 0406-3

 57. Morgello S, et al. The National NeuroAIDS Tissue Con-
sortium: a new paradigm in brain banking with an empha-
sis on infectious disease. Neuropathol Appl Neurobiol. 
2001;27:326–35.

 58. Heithoff, A. J. et al. The integrated National NeuroAIDS 
Tissue Consortium database: a rich platform for neuro-
HIV research. Database (Oxford) 2019, https:// doi. org/ 10. 
1093/ datab ase/ bay134 (2019).

 59. Triche TJ, Weisenberger DJ, Van Den Berg D, Laird PW, 
Siegmund KD. Low-level processing of Illumina Infin-
ium DNA Methylation BeadArrays. Nucleic Acids Res. 
2013;41:e90–e90. https:// doi. org/ 10. 1093/ nar/ gkt090.

 60. Fortin JP, Triche TJ Jr, Hansen KD. Preprocessing, nor-
malization and integration of the Illumina HumanMethyl-
ationEPIC array with minfi. Bioinformatics. 2017;33:558–
60. https:// doi. org/ 10. 1093/ bioin forma tics/ btw691.

Publisher’s Note Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.

GeroScience (2022) 44:1609–16201620

https://doi.org/10.2174/138161206776843368
https://doi.org/10.2174/138161206776843368
https://doi.org/10.1186/s12920-019-0585-5
https://doi.org/10.1186/s12920-019-0585-5
https://doi.org/10.1177/2235042X18795306
https://doi.org/10.1177/2235042X18795306
https://doi.org/10.1089/apc.2012.0329
https://doi.org/10.1089/apc.2012.0329
https://doi.org/10.4081/aiua.2017.2.125
https://doi.org/10.1136/thoraxjnl-2020-215866
https://doi.org/10.1136/thoraxjnl-2020-215866
https://doi.org/10.1007/s13365-021-00947-3
https://doi.org/10.1007/s13365-021-00947-3
https://doi.org/10.1056/NEJMra041811
https://doi.org/10.1210/jc.2006-2190
https://doi.org/10.1097/QAD.0b013e3283319184
https://doi.org/10.1097/QAD.0b013e3283319184
https://doi.org/10.7326/0003-4819-153-7-201010050-00013
https://doi.org/10.7326/0003-4819-153-7-201010050-00013
https://doi.org/10.1146/annurev-med-042909-093756
https://doi.org/10.1093/gerona/glr097
https://doi.org/10.1093/gerona/glr097
https://doi.org/10.1158/1055-9965.epi-11-0777
https://doi.org/10.1158/1055-9965.epi-11-0777
https://doi.org/10.1371/journal.pone.0017217
https://doi.org/10.1371/journal.pone.0017217
https://doi.org/10.1007/s13365-012-0094-1
https://doi.org/10.7326/0003-4819-158-9-201305070-00604
https://doi.org/10.7326/0003-4819-158-9-201305070-00604
https://doi.org/10.1007/s13365-015-0406-3
https://doi.org/10.1007/s13365-015-0406-3
https://doi.org/10.1093/database/bay134
https://doi.org/10.1093/database/bay134
https://doi.org/10.1093/nar/gkt090
https://doi.org/10.1093/bioinformatics/btw691

	HIV, pathology and epigenetic age acceleration in different human tissues
	Abstract 
	INTRODUCTION
	RESULTS
	Conservation of EAA across different human tissues
	Tissue pathology and clinical illness
	Multimorbidity
	HIV status and ALS status
	Effect of sex on EAA across tissuesorgans
	Conservation of EAA across different baboon tissues
	Conservation of EAA across different swine tissues
	DISCUSSION
	METHODS
	Acknowledgements and Funding 
	References


