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Previous studies have demonstrated that the immunoglobulin G (IgG) N-glycome and transcriptome are
potential biochemical signatures of chronological and biological ages, and several aging clocks have been
developed. By integrating the IgG N-glycome and transcriptome, we propose a novel aging clock, gtAge.
We developed a deep reinforcement learning-based multiomics integration method called AlphaSnake.
The results showed that AlphaSnake achieved a predicted coefficient of determination (R?) value of
0.853, outperforming the concatenation-based integration method (R? = 0.820). The gtAge estimated
by AlphaSnake explained up to 85.3% of the variance in chronological age, which was higher than that
in age predicted from IgG N-glycome solely (gAge; R’ = 0.290) and age predicted from transcriptome
solely (tAge; R? = 0.812). We also found that the delta age—the difference between the predicted age
and chronological age—was associated with several age-related phenotypes. Both delta gtAge and tAge
were negatively associated with high-density lipoprotein (p = 0.02 and p = 0.022, respectively), whereas
delta gAge was positively correlated with cholesterol (p = 0.006), triglyceride (p = 0.002), fasting plasma
glucose (p = 0.014), low-density lipoprotein (p = 0.006), and glycated hemoglobin (p = 0.039). These find-

ings suggest that gtAge, tAge, and gAge are potential biomarkers for biological age.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Aging is a complex physiological process characterized by
increased inflammation and a progressive decline in health, ulti-
mately resulting in disease and death [1]. Although chronological
age (CA), the time elapsed since birth, is the most direct and com-
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monly used metric, it does not entirely capture individual variabil-
ity in the aging process. In reality, some individuals remain healthy
until they are 80 to 90 years of age, whereas others may start expe-
riencing age-related decline significantly earlier in their lives. This
discrepancy can be attributed to differences in biological age (BA),
which integrates genetic, lifestyle, nutritional, disease-related, and
general health factors to accurately reflect the true biological aging
process. BA is an abstract concept that encompasses the internal,
external, and functional aspects of whole-body aging, which
cannot be reflected by a single or multiple biomarkers [2]. In
our study, the estimated BA did not represent the full extent of
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biological aging, rather provided insights into the specific dimen-
sions of the biological aging process. We used the term “biological
age” for convenience, acknowledging that aging clocks and related
biomarkers act as proxies or indicators of certain biological fea-
tures associated with aging, rather than as comprehensive mea-
sures of aging itself.

Since the last century, the identification of aging biomarkers has
been an attractive research topic. These biomarkers are classically
defined as “biological parameters of an organism that either alone
or in some multivariate composite will, in the absence of disease,
better predict functional capability at some late age than will
chronological age” [3,4]. The American Federation for Aging
Research (AFAR) proposed that aging biomarkers should be able
to predict the rate of aging, be free from the effect resulted from
diseases, be easily measurable, and be validated in laboratory ani-
mals [4-6]. However, the AFAR criteria are too stringent, and no
biomarkers have ultimately and strictly been able to meet those till
date. According to another definition that is not so stringent [4],
the task of identifying biomarkers of BA can be divided into two
steps—( identify biomarkers that can predict the CA. Typical met-
rics, for example, predicted coefficient of determination (R?) and
mean absolute error, are used to evaluate the performance of pre-
dictive model. @ Evaluate whether the biomarkers can bring addi-
tive information in aging-related assessments. A major purpose of
the aging clocks is to identify biomarkers that can act as surrogate
endpoints in clinical trials. As lifespan studies in humans are prac-
tically infeasible owing to the time required, reliable BA estimators
may offer an alternative way to measure the impact of interven-
tions on the aging process. Thus, aging clocks are highly valuable
tools in translational aging research.

Blood transcriptome and IgG N-glycans have been established
as promising aging biomarkers in a wide range of studies [7-18].
Peters et al. [12] used large-scale datasets to build an age predicted
from transcriptome solely (tAge) model and found that, depending
on the cohorts analyzed, the model’s R was between 0.121 and
0.599. In a recent study, Shokhirev and Johnson [15] built a tAge
model with R? value of 0.985 from cross validation in the discovery
cohort, whereas in several external validation (replication) cohorts,
the model’s performance dropped significantly. However, IgG N-
glycans have not been investigated extensively. In addition, studies
based on glyocytes found that the IgG N-glycome explains 23.3%-
58.0% of the variance in CA [19]. Kristic et al. [9] built an IgG N-
glycome-based aging clock (referred to as gAge), with the model’s
R? value of 0.580 in the discovery cohort, whereas the R’ dropped
below 0.5 in the external validation cohorts. Yu et al. [20] built a
gAge clock using a Chinese population, with the model’s R? value
of 0.294.

Furthermore, using a combination of markers from different
sources, attempts have been made to identify aging biomarkers.
Using the UK Biobank data, Mak et al. [21] conducted a large-
scale study (n = 308 156) to investigate the association between
the aging clock and cancer incidence. They calculated three
biomarker-based BA measures—Klemera-Doubal method, Pheno-
Age, and Homeostatic Dysregulation—from 18 routine clinical
biomarkers (forced expiratory volume in one second (FEV1), sys-
tolic blood pressure, serum glucose, C-reactive protein, and so
on). All BA measures were associated with increased risks of lung
cancer and colorectal cancer, and PhenoAge was linked to an
increased risk of breast cancer. An inverse association between
BA measures and prostate cancer was noted, but that weakened
after adjusting for glucose-related biomarkers [21]. This study
highlights the way composite biomarker-based BA estimates can
modestly predict the risk of cancer and reflect the diverse physio-
logical systems involved in the aging process. However, this task
becomes challenging when the integration of multiomics data is
considered. Zierer et al. [22] adopted a graphical random forest
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to identify age-related features from multiomics data and com-
bined them to predict age-related diseases. However, they did
not attempt building an aging clock using integrated multiomics
data. To the best of our knowledge, and based on recent reviews
in this field [4,23-27], no study has attempted to build an inte-
grated multiomics aging clock. Using feature sets consisting of dif-
ferent omics datasets to predict BA can improve the prediction
performance and interpretability. The combined feature set can
contain biological information from different omics datasets. Inte-
grating the IgG N-glycome and transcriptome in blood, this study
aimed to build a potential aging clock, gtAge, for BA prediction.
To integrate multiomics data more effectively, we formulated the
multiomics integration challenge as a feature selection process
and developed a deep reinforcement learning (DRL)-based method
called AlphaSnake (see details in Section 2.6). We chose the DRL-
based method, as it was well suited for sequential decision-
making problems, such as iterative feature selection, where the
agent learnt the optimal strategy for balancing different omics
sources and dynamically selecting the most informative features.
Compared with traditional methods, the DRL-based method offers
a more flexible and adaptive framework capable of handling high-
dimensional heterogeneous omics data. Additionally, as there is
limited research exploring DRL-based method for multiomics inte-
gration, our study aims to explore and evaluate the potential of
DRL in this context.

2. Materials and methods
2.1. Overview of the dataset

In this study, plasma samples from a subcohort, BHAS-302, con-
sisting of 302 individuals were collected from the Busselton
Healthy Ageing Study (BHAS). This is an ongoing cohort of
community-dwelling “Baby Boomers” from the Shire of Busselton,
Western Australia [28]. This cohort was ethnically homogeneous
and of European origin, living in a nature-friendly environment
located on the coast of the Indian Ocean. The subset consisted of
134 males and 168 females, with an average age of (56.98 + 5.23
) years.

2.2. IgG N-glycome profiling

The IgG N-glycome profiling was performed on samples col-
lected from the BHAS-302 cohort according to the protocol fol-
lowed by Yu et al. [20], Pudic et al. [29], and Menni et al. [30].

2.2.1. Isolation of IgG from plasma

IgG was isolated using protein-G monolithic plates [29]. First,
equilibrated protein-G monolithic plates were washed. Then,
90 puL of plasma was diluted 10x with the binding buffer
(1x phosphate-buffered saline, pH 7.4), applied to the protein-G
plate, and washed instantly. Finally, IgGs were eluted with 1 mL
of 0.1 mol-L™! formic acid and immediately neutralized with
1 mol-L"! ammonium bicarbonate.

2.2.2. N-glycan release and labeling

The IgG N-glycans release and labeling methods were per-
formed following Menni et al. [30]. Briefly, the isolated IgG samples
were dried and denatured with the addition of 20 pL 2% sodium
dodecyl sulfonate (w/v). Then, 10 pL of 4% IGEPAL CA-630
(Sigma-Aldrich, USA) and 0.5 mlIU of peptide-N-glycosidase
F in 10 pL 5x phosphate-buffered saline were incubated at 60 °C
for 10 min and added to the samples. After adding the buffer, the
samples were incubated overnight at 37 °C for N-glycan release.
The released N-glycans were collected and labeled with
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2-aminobenzamide, a fluorescent dye used for making glycans vis-
ible by ultra-performance liquid chromatography (UPLC) via mul-
tistage mixing with 2-aminobenzamide, dimethyl sulfoxide,
glacial acetic acid, and 2-picoline borane. Labeled IgG N-glycans
were cleaned and eluted by hydrophilic interaction liquid
chromatography-solid phase extraction, and the combined elutes
were scanned by UPLC.

2.2.3. Analysis of IgG N-glycan traits

The analysis of IgG N-glycan traits was performed following Yu
et al. [20]. IgG N-glycans were split into 24 glycan chromatographic
peaks (GP 1-GP 24) and quantified according to their relative con-
tributions to individual peak (each GP was assigned a relative
abundance value) to the total IgG N-glycome using hydrophilic
interaction liquid chromatography on a Waters ACQUITY UPLC
instrument (Walters Corporation, USA). The traits of IgG N-
glycans in each peak were determined using mass spectrometry
and represented using alpha numeric characters (Tables S1 and
S2 in Appendix A). The minor GP, GP3, was excluded from all cal-
culations, as, in some samples, it co-eluted with a contaminant that
significantly affected its value.

In addition to basic IgG N-glycan traits (GP 1-GP 24), 54
derived GPs were calculated based on the abundance of these basic
GPs. The derived GPs were referred to as “IGPs.” The R package
glycanr and its iudt function with default settings were used to
calculate IGPs. The structural characteristics of basic GPs and the
equations for calculating the IGPs are shown in Tables S1 and S2
[31].

After profiling, an individual’s IgG N-glycome was represented
by a p-dimension vector %, = [g;,8,,---,8,],i=1,2,---,N, where
g, represented the abundance of the pth IgG N-glycan trait (or
derived trait) in the ith individual out of N individuals.

2.3. Transcriptome profiling

2.3.1. Messenger RNA (mRNA) library preparation and RNA sequencing

Library preparation and RNA sequencing were performed at the
Busselton Population Medical Research Institute (BPMRI). The Illu-
mina NextSeq 500 platform (USA) was used to perform paired-end
150 bp RNA sequencing. The amount of input RNA varied from 0.6
to 2 pg. RNA quality was checked using a LabChip GX Bioanalyzer
(Caliper, USA), and samples with RNA integrity number (RIN) > 7
were included. Library preparation was performed according to
the low-sample protocol of the TruSeq Stranded mRNA SamplePrep
Guide 15031047_E (Illumina). Index sequences were added during
library preparation to allow multiplexing. The resulting comple-
mentary DNA (cDNA) libraries were quality-checked for size and
purity using a LabChip GX Bioanalyzer and quantified using a Qubit
dsDNA BR Assay kit (Thermo Fisher Scientific, USA). Libraries were
normalized, and pools comprising ten libraries were created. The
pools were denatured and diluted according to the Denature and
Dilute Libraries Guide 15048776_v02 protocol (Illumina) and then
loaded onto a high-output flow cell. Automated sequencing was
performed using an Illumina NextSeq 500 according to the NextSeq
500 System Guide 15046563_v02 protocol, yielding approximately
30 million paired-end reads per sample. FASTQ data were stored in
BaseSpace (Illumina).

2.3.2. Bioinformatics analysis

Salmon [32] was used to quantify the gene expression levels in
clean reads. The reference was Gencode.v38 transcriptome. The
parameter “-1 A” and flags “--validateMappings,” “--seqBias,” and
“--gcBias” were passed to Salmon, whereas the other parameters
and flags were default. The transcripts per kilobase million output
values were summed to the gene level, and only mRNAs were
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extracted for downstream analyses. After the bioinformatics anal-
ysis, an individual’'s IgG N-glycome was represented by a g-
dimension vector, 7 = [t1,tz,---,tq],i=1,2,--- N, where t; rep-
resented the expression level of the gth gene in the ith individual
out of N individuals. Lowly expressed genes were excluded.

2.4. Association analysis between age and IgG N-glycome and
transcriptome

The feature sets were two omics data, IgG N-glycome g, and
transcriptome t, and the concatenated/integrated features set
was ¢ = [g,- 2 8pr b1y, tq]. Univariate linear regression control-
ling for age and sex was conducted on all features in ¢, where
the response was log-transformed feature abundance, and inde-
pendent variables were age and sex.

log,,(abundance + 1) = f, + f;age + p,sex

(1)

For a specific feature, the coefficient 8, represents the effect of
CA, B, is the intercept, and j3, represents the effect of sex. p values
were adjusted using the Benjamin-Hochberg method.

2.5. Least angle regression (LARS) for feature selection and age
prediction

2.5.1. LARS algorithm

LARS is an efficient algorithm to optimize least absolute shrink-
age and selection operator (LASSO) regression [33]. The LASSO-
LARS model was used for feature selection and age prediction in
this study. The most significant advantage of the LARS algorithm
is its high computational efficiency. It suits the situation of “p >
n,” that is, when the number of features p is significantly greater
than the sample size n [34]. However, the LARS algorithm is sensi-
tive to noise [33], requiring noisy features to be excluded via fea-
ture selection.

2.5.2. Bootstrap-based feature selection

We used a bootstrap-based feature selection method to extract
the most relevant features and construct a predictive model. This
method is called Lasso Bootstrap feature selection (LB-FS). The
LB-FS consists of three main steps—( feature ranking; @ forward
feature selection (FFS); and @ feature refinement. Steps D and @
are referred to as LB-FFS, and step @ is referred to as LB-FR.

(D Feature ranking. A bootstrap sampling strategy was used to
rank features. It works as follows: we assumed that the dataset
has n samples, denoted as 2 = (x;,y;), i = 1,2,---,n. The full fea-
tures set contains p features of the ith sample, which is
X; = [Xi, X, -+, Xp]. Randomly sampling the entire dataset with
replacement T times generated T sub datasets. The tth (¢t < T) sub
dataset is @ = (x;,¥;),j =1,2,---,m, where m = [an], « is the
sampling rate o € [0, 1]. In this study, o = 0.9 was used. Each &,
value was fed into the model (LASSO-LARS) for feature selection.
The model outputs coefficients set was B, = [B1, iz, -, By for
%,. Owing to the shrinkage coefficient of LASSO-LARS, the coeffi-
cients of the less relevant features are zero. A vector
S = [stl,stz, e ,s[p] represents the feature selection status for %,
where sy, € {0,1}. Here, 1 implies that the pth feature is selected,
and 0 implies that it is not selected. The total selected times S
can be calculated as follows:

S=[s1.5,-.8] = [lesmz;sm"vz;sfv} (2)

where s, is the total selected time (TST) across t sub datasets of the
pth feature. The features can be ranked according to S, that is, the
feature with higher TST ranks higher. This step is comparable with
the classical feature-ranking methods. For example, in correlation-



Y. Xia, S.M.S. Islam, X. Li et al.

based ranking, C = [cy,c2,---,¢,] represents the features’ correla-
tions to the response, and features having higher correlations rank
higher. The “top-n features” refer to the n features having the high-
est metrics (e.g., correlation and TST).

@ Forward feature selection. After obtaining the TST-based
feature ranking, FFS was used to select the optimal feature set. Ini-
tially, the selected feature set was 2" = ¢J. The FFS iterates K times.
At each iteration, the top feature is selected without replacement
and is added to Z. In the kth iteration,
Xy = {xmp,l,xmp,z, ..,xmp,k}, and the corresponding dataset
D = (Zw,y;),i=1,2,---,n. After each selection, a LASSO-LARS
model (an independent model different from that used for feature
ranking) was evaluated on 2, with f-fold cross-validation (CV). At
the fth fold, the % is split into a training set, Qr;f_ = (Zu,y;),and a

testing set, 7,

test

in training and testing sets. After splitting, the LASSO-LARS model

is trained on 2., and predicts on Der resulting in the estima-
test

t[min
tions ¥y = [¥;1, V52, -, ¥n) of the actual values of the responses
Yy = Vr1, Y2, -+ Yp). The estimations from f folds are concate-
nated and compared with the true values to calculate the evalua-
tion metrics r (e.g., R?). In this study, 10-fold CV was used, that is
f=10. After iterating the FFS for K times, we get a set of FFS CV met-
rics r = [ry,12, - - -, 1k]. The selected features at the kth iteration, %
that achieved the highest metrics, were regarded as the optimal
feature set 2.

(Zxn,Yr), where I and h are the sample numbers

X+ = arg;?axE ¥ ¥e) (3)

The performance of the model was recorded at each step, and a
curve representing the performance change along with the added
top features was drawn from the FFS process, referred to as the
FFS curve.

Q@ Feature refinement. Nested CV can be used to refine the opti-
mal feature set in the feature refinement step. We start with the
dataset with the optimal feature set * = {2, %}, where 2" repre-
sents the optimal feature set and # represents the response set. A
bootstrap sampling method was adopted where the sample size
was equal to U. At the uth (u < U) iteration, the sampled sub data-

set was &, = (x;,yj),j: 1,2,---,m, where m = [n], n is the sam-

ple number of the entire dataset, and 4 is the sampling rate
/€ 10,1]. G-fold CV was conducted on ;. At the gth fold, 2; was

split into a training set, @;mm?g, and a testing set, 7 The
LASSO-LARS model was trained using the training set & and

Utrain—g
g+

evaluated using the testing set 2 This training-testing process
was repeated for fine-tuning (a grid search strategy), and when the
evaluation result achieved the highest score, the hyperparameters
were regarded as optimal, and the corresponding trained parame-
ters were B, = [Bu1, Buz> -+ Bug)» 4 < P- Bug = O implies that the cor-
responding feature x,4 is not selected. Hence a set representing the
feature selection status can be Ry = [fu1,Tu2, -, Tug], Tug € {0, 1},
where 1 implies selection and 0 implies non-selection. After iterat-
ing the bootstrapping U times, we obtained the overall feature-
selected set R.

R= [r17r27'”7rq} = [Zi]r“lvzsﬂr”%'"723:1

B(x,) = rq is the TST of this bootstrapping process of the gth fea-
ture xg.

The gth feature is included in the final refined features set 2**
only when ry > 6U, d € [0, 1], where ¢ is an important hyperparam-

(4)

Fug]
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eter affecting the refined features set. In this study, § = 0.9 was
used.

VX € 2 (B(x) > 0U), s € [0,1] (5)

2.5.3. Predict age from transcriptome and IgG N-glycome separately

Two predictive models were built from IgG N-glycome and
transcriptome separately, and the predictive feature sets were
denoted as GLYC and TRANS. The LB-FS method was used for fea-
ture selection, and the refined feature set was used as the final fea-
ture set to build the predictive models. The performance of the
models was evaluated using a 10-fold CV. R? and Pearson’s correla-
tions were used to evaluate performance of the models. The pre-
dicted and actual ages from 10-fold CV were combined into two
vectors to compute R? and Pearson’s correlations.

For comparison, a correlation-based method was also used in
this study. Briefly, the correlation and p value from univariate
regression controlling for sex between each feature (gene and gly-
can traits) and response (age) were used for feature ranking. Fea-
tures with larger absolute correlation coefficients and smaller p
values were ranked higher. The other steps of the LB-FS were iden-
tical to those of the original LB-FS. The results from the FFS step of
LB-FS were denoted as LB-FFS, Pearson-FFS, and LRp-FFS, repre-
senting the results of original TST ranking, Pearson correlation-
based ranking, and p value of the linear regression-based ranking,
respectively.

2.6. Multiomics integration with AlphaSnake

First, a simple concatenation-based method was used to inte-
grate the transcriptome and IgG N-glycans. The concatenated/inte-
grated features set (denoted as CONC) was
c=[g,--,& t1,--,tq], where p and q were the numbers of IgG
N-glycan traits and genes. The LB-FS method was applied to the
concatenated vector c.

To improve age prediction using integrated multiomics data, we
developed a DRL-based multiomics integration method,
AlphaSnake, which has been discussed in the following section.

2.6.1. AlphaSnake algorithm

The algorithm hypothesized that “the integration of the most
predictive features of each omics could be the optimal predictive
feature set.” First, we need to determine the most predictive fea-
tures of each omics data, that is, feature ranking, resulting in two
ranked feature sets—ranked IgG  N-glycome  profile,
Eranked = |Etop-1:&top_2** "+ &rop_p)» and ranked transcriptome pro-
file, trankea = [trop-1,tiop-2,- -, trop—q]- IN AlphaSnake, a FFS strategy
is adopted, where the candidate integrated feature set (IS) ¢ moves
forward for k steps. At each step, either the top feature from g, eq
or tankeq feature is selected (without replacement) and put into c.
The forward process iterates until the stopping condition is satis-
fied at the kth step. The integrated set
Cc= [gmp,l,gmp,z, Liop—158rop_3s Lrop-2, " } contains k top features
from both ranked feature sets. If the stop condition is when the
performance of the model built from ¢ stops increasing, then the
integrated set can be regarded as the optimal integrated set c*.
Fig. 1 shows an example of the workflow of the AlphaSnake algo-
rithm. At Step O, the IgG N-glycome and transcriptome are ranked,
and the IS is an empty set. At Step 1, the IS selects the top-1 feature
from the IgG N-glycome set. In Steps 2 and 3, the IS then selects the
top-1 and top-2 features from the transcriptome set. This workflow
shows only the first four steps of a possible sequence of actions.
This FFS process can be regarded as a problem when searching
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Fig. 1. The general FFS workflow of the AlphaSnake algorithm.

for optimal sequences of actions. Reinforcement learning (RL) is an
ideal method for solving this problem, wherein an intelligent agent
can be trained to take the optimal action sequence, allowing the
predictive model (built from it) to achieve optimal performance.

A value-based RL algorithm, deep Q learning (DQN), was
adopted. A Markov decision process represents the DQN,
M ={9,,Tr,R, 7y, 0}, where ¥ represents the state space, .o/ rep-
resents the action space, Tr represents the transition function, R
represents the reward function, y € [0,1] is the discount factor for
calculating the accumulative rewards G, and ¢ is a buffer set
named “replay memory” that stores the observed transitions, and
helps improve the training processes of DQN. The parameters are
as follows:

State space (). The state is defined as a set & = {s\}, repre-
senting the selection status (selected/unselected) of combined can-
didates features from IgG glycome and transcriptome, where
sk = [f1,f2, -+, fn],h = p + q represents the state at the kth step,
and f;, € {0,1} implies the hth candidate feature’s selection status,
selected(1)/unselected(0). At the beginning of the FFS, all the ele-
ments in ¥ were zero.

Action space (.«7). Action refers to the kth step, the top feature,
from which omics are selected into c. It is defined as a one-
dimension vector ./ =[a;,ay,---,a;,a € {0,1}, where a,=0
implies that, at the kth step, the top feature from g,,.q 1S selected
into ¢, whereas a, = 1 implies that the top feature is from t,;;yeq. AS
only two omics were used in this study, a, could be a binary scale.

Transition tunction (Tr). At the kth FFS iteration, an action is
performed, the state is transited, and the reward is
(Skv1,Tk) = Tr(sy, ax). By acting, the specific element f}, € s repre-
senting the corresponding selected feature c, € (gUt) changes
from O to 1, implying that this feature’s selection status has chan-
ged from “unselected” to “selected.”

Reward function (R). The reward function is a part of the tran-
sition. It takes the state as input and outputs the rewards r,
v = R(sx,ay), and the accumulative reward (return) as
Gi = Yo ¥"*ry. The function R is from a deterministic environ-
ment, where the selected features are represented by sy, is used
to build a predictive model, and 10-fold CV is used to evaluate
the model and output the reward r,—a scale reflecting the perfor-
mance of the model. The metrics R? are used to evaluate the
performance.

Replay memory (©). The replay memory ¢ is a fixed-length buf-
fer set that stores the observed transitions (Sy,1,T,Sk,ax). The
agent randomly selects transitions from ¢ to update its policies.
Initially, the agent focuses on exploring. Thus, the transitions
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stored in @ are generated from random actions. At every training
epoch, the resulting transitions are pushed into ¢ to gradually
replace the random transitions. To continue exploration, the agent
has a probability P, to take random actions, where P.,q
decreases with increasing update times. As training epochs
increase, the agent cares more about exploitation, which implies
that the P,,q decreases, making the portion of observed transitions
in ¢ larger. Thus, the training process becomes more stable. This
strategy is known as the epsilon-greedy policy.

The environment is deterministic, that is, one action results in a
deterministic transition. The aim is to train the agent to achieve the
highest accumulative reward G, from k consecutive actions (i.e.,
the FFS process). The principal idea of Q-learning is to find the
value function, that is, the Q function, which outputs the value
(expected return) of each action/state pair, so that the action
achieving the highest value for the corresponding state can be cho-
sen. 7 represents the agent’s policy, and the optimal policy 7* is:

7" (s) = argmax Q" (s, a) (6)

The Q function can be approximated with a deep neural net-
work D.

D(s)=w"s+b (7)

where w is the weight vector.

The Q function considers the state as an input and outputs the
value for each action. Hence, the Q function can be written as
follows:

Q(sx,a) = D(s)[d] 8)

where [g] indicates D(s)’s output dimension of the corresponding
action a, that is, the value of performing action a under state s.
The Q-function update process can be represented by the Bellman
equation:

Q™ (Sk, ak) = T + YQ™ (Sky1, T(Ski1)) 9)

where ry is the immediate reward received after an action, and y is
the discount factor that weighs the importance of future rewards
relative to immediate rewards. The difference between two consec-
utive steps is the temporal difference error d;.

0 = Q" (s, ay) — [rk +7max Q" (S, a)] (10
The Huber loss, L, is used for minimizing the 6.
162 |6 < 1
L(o) =20 = 11
(%) { |6¢| — 3, otherwise ()
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Before starting the training, we define an epsilon-greedy policy.
A dynamic threshold € is defined as:

: >
6decay

Where €gart, €end, and €gecay are three hyperparameters, and t is the
step where the Q function has been updated. At each time when
the Q function is updated, a random number z € [0, 1] is generated
and used to guide whether action is being taken randomly:

ak{

where rand({0, 1}) represents a randomly selecting element from
the set {0,1}.

During training, at each update step, Q(s;a;), 1, and
mt;alx Q(Sky1,a) are computed to calculate the Huber loss, L, and

€ = €end + (Estart — €end) €XP (— (12)

argmaxQ(sg,a),z > €
a

(13)
rand({0, 1}), otherwise

update the Q-function parameters. A target network is added to
compute max Q(Sk.1,a) for added stability, where its parameters
a

are kept frozen most of the time, but they are updated with the
policy network’s parameters at specific epoch u—a hyper
parameter.

At the beginning of model training, we pre-define the maximum
epoch number E and reset the environment, and initialize the state,
where the elements of the initial state are zero. Then, at each epoch
e € E, we start the training loop. At each step within an epoch, we
sample a batch of actions, execute them, observe the correspond-
ing subsequent states and rewards, push the transitions into the
replay memory, and update the model. When the loop meets the
stop criterion, the epoch ends, and the best reward, r}, is recorded.
It should be noted that r; has the best performance from an epoch
and not the accumulative reward. The idea of an accumulative
reward is used to train the Q function with the temporal difference
algorithm.

In AlphaSnake, a DQN is used to train an intelligent agent,
which maximizes the return of the action sequence from each
training epoch of the DQN. The action sequence that achieves the
best prediction is selected, and the state that makes the model
achieve the best prediction is the optimal state, that is, the optimal
selection status vector. According to the optimal state, all features,
labeled as “selected,” are the final selected/IS.

2.6.2. Age prediction with the integrated multiomics data

First, feature ranking of LB-FS was performed on the simply
concatenated c to generate a ranked IS
Cranked = [Cl ;€200 Cp+q} = [gtop—l 7gtop—27 ttO],)—17 e 7gtop—p7 ttop—q} ’
where c,, 4 represented a feature either from IgG N-glycome profile
or transcriptome profile, and g, , and t, 4 represented their rel-
ative ranks in corresponding profiles. The ranked feature sets for
IgG N-glycome and transcriptome profiles were extracted from
according to their relative ranks,
8ranked = [gtop—l 7gtop—Zv e 7gtop—p} and
tranked = [fiop-1, top-2,* * *» Ltop—q|. The FFS in the LB-FS strategy was
performed on g,,neds Eranked, aNd Cranked, resulting in selected GLYC,
TRNAS, and CONC feature sets separately, and their corresponding
optimal FFS performance can be denoted as R*".

Then, the AlphaSnake algorithm was conducted using g..ied
and trnkea to identify the optimal IS € = [gop_1,&rop_2: trop-1,+ -
The feature set selected by AlphaSnake was denoted as the feature
set from the trajectory that achieved the highest optimal FFS R**
(CONC-RL).

After performing AlphaSnake, the feature refinement in LB-FS
was adopted on the FFS-selected GLYC, TRANS, CONC, and CONC-
RL, resulting in the final refined feature sets, GLYC, TRANS, CONC,

Cranked
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and CONC-RL. The ages predicted from the final refined feature sets
were used as aging clocks. The performance of the models from the
refined feature set is denoted as R*™".

The performance of the models was evaluated using a 10-fold

CV. R?, including R** and R*", and the Pearson’s correlation (only
for models from the refined feature sets) calculated between the
predicted and actual ages, were used to evaluate the performance.
The predicted and actual ages from 10-fold experiments were com-

bined into two vectors to compute R* and Pearson’s correlation.
The performances of AlphaSnake and concatenation were com-
pared using a paired t-test on the results of the 10-fold CV.

For comparison, Pearson’s correlation-based and univariate lin-
ear regression-based FFS were performed. Briefly, the Pearson’s
correlation and p value from univariate regression were used for
feature ranking. Features with larger absolute correlation coeffi-
cients and smaller p values were ranked higher. The FFS was the
same as the FFS step in LB-FS. The results from the FFS based on
different rankings are denoted as LB-FFS, Pearson-FFS, and LRp-FFS.

2.7. Feature importance and enrichment analysis

To identify the most important predictive features, the Python
package, shap, was used to calculate the Shap values of features.
Enrichment analyses were performed using the GSEApy software.
The latest Kyoto Encyclopedia of Genes and Genomes (KEGG) and
gene ontology (GO) gene sets were used as references. Statistical
significance for enriched pathways was set at false discovery rate
(FDR) < 0.05.

2.8. Evaluation of the additive information of aging clocks

The age predicted from a specific feature set can be regarded as
a metric, that is, the aging clock, parallel to CA. The additive values
of the three aging clocks were evaluated as follows: (D gAge—age
predicted from the optimal GLYC feature set, @ tAGE—age pre-
dicted from the optimal TRANS feature set, and @ gtAGE—age pre-
dicted from the optimal CONC-RL feature set. The corresponding
delta ages for gAge, tAge, and gtAge are denoted as delta_gAge, del-
ta_tAge, and delta_gtAge. Associations between delta age and bio-
logical parameters (e.g., blood pressure, cholesterol level, and
glucose level) were explored using linear regression. The depen-
dent variable was the phenotype of interest, the independent vari-
able was delta age, and associations were adjusted for CA.

3. Results

3.1. Forty-three IgG N-glycan traits and six genes were associated with
CA

Univariate association analyses showed that 43 IgG N-glycan
traits and 6 genes were significantly associated with CA (FDR <
0.25). Most IgG glycan traits were more significant than genes
according to raw p values and could explain more variability
according to the adjusted R®>. The statistics of the 49 age-
associated features are presented in Table 1, and the statistics of
all features are presented in Table S3 in Appendix A. The associa-
tions between the CA and top four age-associated features are
shown in Fig. 2 (all 49 features are shown in Fig. S1 in Appendix A).

3.2. Integration of selected genes and IgG N-glycan traits can
accurately predict age

We used LB-FS to select the most predictive features from the
GLYC, TRANS, and CONC. FFS results of the original LB-FS strategy
are shown in Fig. 3(a).
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Table 1
Features significantly associated with age.

Feature Description Coefficient Cl [2.5%] CI [97.5%] F Adjusted R? p FDR
IGP53_glycan  FA2G2/total neutral glycans -0.010 -0.012 -0.007 42345 0216 340x 1077 212x1013
GP14_glycan  FA2G2 -0.009 -0.010 -0.007 42113 0215 377x107"7  212x 107"
GP6_glycan FA2B 0.009 0.007 0.011 38.038 0.197 1.94 x 10716 7.27 x 10713
IGP45_glycan  FA2B/total neutral glycans 0.008 0.006 0.010 37110  0.194 414%x 107" 979 x 10713
IGP57_glycan  Digalactosyl glycans/total neutral glycans -0.009 -0.011 -0.007 39950  0.206 436x107'®  979x 107"
IGP55_glycan  Agalactosylated glycans/total neutral glycans 0.007 0.006 0.009 39.627 0204 1.10x 107" 2.06 x 10712
GP18_glycan FA2G2S1 -0.007 -0.009 -0.005 30.703 0.165 1.78 x 10713 2.85 x 10710
GP4_glycan FA2 0.008 0.006 0.010 31.284 0.168 3.13x 10712 4.40 x 107°
IGP43_glycan  FA2/total neutral glycans 0.007 0.005 0.009 30220 0.163 9.81x107'2 122 x 1078
IGP76_glycan FG2"/(BG2" + FBG2") -0.005 -0.006 -0.003 22.818 0.127 9.34 x 107! 1.05 x 1077
IGP26_glycan  FGS/(F + FG + FGS) -0.005 -0.006 -0.003 21.168  0.118 632x 10 636 x 107
IGP77_glycan ~ BG2"/(FG2" + FBG2") 0.006 0.004 0.008 20340 0.114 6.80x 1071 636 x 1077
IGP69_glycan FBG2"/G2" 0.004 0.003 0.005 19.069 0.107 2.40 x 107° 2.07 x 1076
IGP75_glycan FBG2"/(FG2" + FBG2™) 0.004 0.003 0.006 18.979 0.107 3.15x 107 2.53 x 1076
IGP74_glycan ~ FBG2"/FG2" 0.001 0 0.001 16.918  0.096 2.00 x 1078 1.50 x 10
GP1_glycan FA1 0.001 0 0.001 19.736  0.111 2.76 x 1078 1.94 x 107
IGP56_glycan G1" -0.002 -0.002 -0.001 15.504 0.088 1.17 x 1077 7.74 x 107>
IGP41_glycan FA1/total neutral glycans 0.001 0.000 0.001 17.460 0.099 2.14 x 1077 134 x 10
IGP36_glycan  FBS™w!/Fstotl 0.001 0.001 0.002 14778  0.084 2,68 x 1077 1.58 x 107
FKBP1B FKBP prolyl isomerase 1B 0.004 0.002 0.006 13.474 0.077 1.42 x 10 7.96 x 107
IGP38_glycan FBS1/(FS1 + FBS1) 0.005 0.003 0.007 11.848 0.067 2.36x10°° 1.26 x 1073
IGP37_glycan ~ FBS1/FS1 0.001 0.001 0.001 11.891  0.067 2.69 x 107® 137 x 107
IGP66_glycan FG2"|G2" 0.004 0.002 0.005 12.954 0.074 3.11x10°° 152 x 107
IGP71_glycan FB"/Frtot! 0.004 0.002 0.005 12.549 0.071 5.98 x 10°® 2.80 x 1073
IGP54_glycan FA2BG2/total neutral glycans -0.003 -0.005 -0.002 14.098 0.080 7.06 x 10°¢ 3.17 x 1073
IGP72_glycan  F"/(B" + FB") -0.004 -0.005 -0.002 12305  0.070 820x10°  354x 1073
IGP70_glycan FB"/F" 0.004 0.002 0.006 12.066 0.068 8.78 x 10°® 3.65x 1073
IGP47_glycan FA2[6]G1/total neutral glycans -0.002 -0.003 -0.001 9.916 0.056 216 x 107 8.67 x 1073
IGP48_glycan FA2G1/total neutral glycans -0.003 -0.004 -0.001 10.148 0.057 224 x107° 8.67 x 1073
TSPAN15 Tetraspanin 15 -0.005 -0.007 -0.003 9.550 0.054 2.72 x107° 1.02 x 1072
LTK Leukocyte receptor tyrosine kinase -0.008 -0.012 -0.004 9.052 0.051 6.96 x 107> 2.52 x 1072
IGP40_glycan ~ FBS2/(FS2 + FBS2) 0.002 0.001 0.003 13.825  0.079 7.61x10° 267 x 1072
GP11_glycan FA2BG1 0.001 0.001 0.002 8.532 0.048 8.81 x 107> 3.00 x 1072
GP15_glycan FA2BG2 -0.003 -0.004 -0.001 11.133 0.063 1.04 x 107 343 x 1072
IGP27_glycan  FBGS/(FB + FBG + FBGS) -0.004 -0.006 -0.002 7.694  0.043 116 x 10* 373 x 1072
IGP65_glycan FG2"|G2" -0.001 -0.001 0 9.233 0.052 121 x 10 3.76 x 1072
IGP33_glycan  Ftowlgq/Froralg) -0.002 -0.004 -0.001 7.877  0.044 1.84 x 104 5.58 x 1072
IGP51_glycan A2G2/total neutral glycans -0.004 -0.007 -0.002 11.061 0.063 239 x 107 7.05 x 1072
IGP39_glycan FBS2/FS2 0.002 0.001 0.003 11.831 0.067 2.52%x 10 7.24 x 1072
NOG Noggin -0.008 -0.013 -0.004 17.324 0.098 3.33x 10 9.36 x 1072
RORC RAR related orphan receptor C -0.006 -0.010 -0.003 6.884 0.038 3.67 x 107 1.01 x 107!
GP23_glycan FA2G2S2 -0.003 -0.004 -0.001 7.553 0.042 481 x 10 1.29 x 107"
IGP68_glycan FBG1"/G1" 0.003 0.001 0.005 7.704 0.043 6.81 x 10 1.78 x 107!
GP12_glycan A2G2 -0.003 -0.006 -0.001 9.652 0.054 8.03 x 107 2.02 x 107!
IGP62_glycan F" -0.001 -0.001 0 8.099 0.045 8.19 x 107 2.02 x 107!
IGP30_glycan FG2S2/(FG2 + FG2S1 + FG2S2) 0.003 0.001 0.005 9.683 0.055 827 x 107 2.02 x 107!
GP2_glycan A2 0.004 0.002 0.006 6.136 0.033 9.71 x 107 2.28 x 107!
IGP24_glycan  FGS/(FG + FGS) -0.002 -0.003 -0.001 5.543  0.029 9.79 x 1074 2.28 x 107!
GNG11 G protein subunit gamma 11 0.005 0.002 0.008 12.494 0.071 9.93 x 107 2.28 x 107!

F: core fucose; A1: 1 p1-2 linked GIcNAc antenna on core; A2: 2 B1-2 linked GIcNAc antenna on core; B: bisecting GIcNAc; G: galactose; S: sialic acid; n: “neutral” glycan;

CI: confidence interval; F: F-statistic.
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Fig. 2. Top-4 age-associated features versus age. The scatter plots and regression lines are sex-specific, with red representing females and blue representing males. The y-axis
represents feature abundance, and the x-axis represents age. The study cohort consisted of 134 males and 168 females, and their average age was (56.98 + 5.23) years.
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Fig. 3. (a) FFS curves for GLYC, TRANS, and CONC. The x-axes represent the number of top features selected into the models during the FFS processes; the y-axes represent the R? from the
models built with the selected top features at each FFS step. The FFS processes stop when the performance stops increasing for consecutive 50 steps. The red curves represent the FFS
curves from the LB-FS strategy. The blue curves represent the FFS curves from a feature ranking based on the p values from the association analyses. The green curves represent the FFS
curves from a feature ranking based on Pearson’s correlation. (b) The reward along with the training process of the AlphaSnake algorithm. The curves show the changes in optimal
performances of trajectories from the AlphaSnake algorithm. (c) FFS curves from CONC-RL and CONC. The blue curve represents the FFS curves from CONC feature set and the red curve
represents the FFS curve from CONC-RL feature set. (d) Predictions versus true CA for gtAge, tAge, and gAge. The x-axes represent the true CA; the y-axes represent the predicted age from
different refined feature sets (i.e., aging clocks). The red dashed lines indicate the perfect prediction. (e) The top-20 features for gtAge, tAge, and gAge. The x-axes represent the mean of Shap
values of features; the y-axes display the top-20 features for each aging clock (top-8 features for gAge).
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The results showed that FFS in the LB-FS strategy achieved the
highest optimal performance for GLYC, TRANS, and CONC. For
GLYC, the optimal performance R** was approximately 0.3, indicat-
ing that age could not be accurately predicted from the IgG N-
glycome alone in our cohort. The optimal performance for TRANS
was R* = 0.771, and that for CONC was R* = 0.784, suggesting
that the transcriptome could accurately predict age and that the
IgG N-glycome might improve the prediction.

3.3. DRL-based multiomics data integration method improves age
prediction from integrated mulitomics data

We used the proposed AlphaSnake to select the optimal feature
set, referred to as CONC-RL. The changes in optimal performances
(i.e., reward) of trajectories from the AlphaSnake algorithm, along
with the training epochs, are shown in Fig. 3(b).

The curve exhibited high fluctuation, a typical characteristic of
model-free RL. The optimal performance of AlphaSnake-selected
feature set, CONC-RL, was R* =0.793, which was marginally
higher than that of the model built from CONC. The results showed
that AlphaSnake improved the prediction of CONC. Fig. 3(c) com-
pares the FFS curves of CONC and CONC-RL.

Although both curves showed a comparable increasing trend,
CONC-RL achieved a higher plateau and included more features
than CONC, suggesting the potential of AlphaSnake in terms of
delivering better performance and novel findings.

Feature refinement of LB-FS was conducted using the FFS-
selected feature sets to generate the final refined feature sets to
predict gtAge, tAge, and gAge, where gtAge was predicted from
two refined feature sets, CONC and CONC-RL.

The results of the predictive models built using the refined fea-
ture sets are presented in Table 2.

The performance of the model for gtAge (CONC) was
R** = 0.820, which was higher than that of the models for tAge
(R** =0.812) and gAge (R** =0.290). The model for gtAge
(CONC-RL) increased the R** by 0.33 to R** = 0.853, and the dif-
ference between CONC and CONC-RL was significant under a
paired t-test of the 10-fold CV results (p < 0.01), demonstrating
the advantage of AlphaSnake in exploring the optimally IS for age
prediction. Therefore, gtAge (CONC-RL) was used as the final gtAge
in the following analyses. Although refined CONC-RL and CONC
contained seven glycans, those were different. IGP53 and IGP51
were unique to the refined CONC-RL, whereas IGP57 and GP1 were
found only in the refined CONC. After excluding glycan traits from
the refined feature sets for CONC and CONC-RL, R*** for gtAge
decreased significantly, indicating that glycan traits played an
essential role in age prediction for the ISs. Plots of aging clocks ver-
sus CA are shown in Fig. 3(d). The results showed that tAge and
gtAge were highly correlated with CA, whereas gAge was not.

3.4. Importance and enrichment analysis of predictive features

The final predictive features for gtAge, tAge, and gAge were
analyzed for feature importance. The Shap values for the top-
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20 features (only eight features for gAge) are shown in
Fig. 3(e).

The identified genes in the final feature sets for gtAge and tAge
were different, whereas the models built on both feature sets

achieved R** > 0.8, indicating that more than one feature set could
accurately predict CA. In the predictive feature set for gtAge, only
one glycan trait, IGP53, was present in the top-20 feature list, sug-
gesting its importance in gtAge. However, IGP53 was not selected
as the final feature set for gAge. This could be because IGP53 alone
did not contribute sufficiently to age prediction when only glycan
data are used; however, its combined effect with transcriptomic
features enhanced its predictive value in an integrated model.

Enrichment analyses showed no significantly enriched path-
ways for the genes in the final feature set for gtAge (FDR < 0.05).
In contrast, 15 significant pathways were found for tAge. The
results are summarized in Table 3.

3.5. Predicted age brings additive information to phenotypes

Delta age, indicating the difference between the predicted age
and CA, was calculated for gtAge, tAge, and gAge separately (see
Section 2). A positive delta age can be interpreted in term of
reflecting more rapid biological aging. We found that delta gtAge
and delta tAge were negatively associated with high-density
lipoprotein (HDL) and that delta gAge was positively associated
with total cholesterol (TC), triglycerides (TG), fasting plasma glu-
cose (FPG), low-density lipoprotein (LDL), and glycated hemoglo-
bin (Hbalc) (Table 4). Additionally, the p values for the
associations of delta gtAge with FPG and LDL were not only lower
than 0.25 but also were lower than those for delta tAge. Significant
associations between delta age and HDL are shown in Fig. 4 (all
age-related phenotypes are shown in Fig. S2).

4. Discussion

This study provides evidence on the involvement of IgG N-
glycan traits and genes in aging. Using traditional linear associa-
tion analysis, this study found that 43 IgG N-glycan traits and 6
genes were significantly associated (FDR < 0.25) with CA. Using
the abundance of N-glycan traits and gene expression to build
aging clocks, more genes and glycan traits contributing to CA pre-
diction were identified. To construct a transcriptomics-based aging
clock, tAge, 130 predictive genes were selected. Of them, 91 were
included in a large-scale analysis by Peters et al. [12], and 12 were
found to be age-associated. These results partially overlapped age-
associated genes with those of previous large-scale analyses, sug-
gesting that building a machine learning-based model is another
way to identify, screen, and validate novel and existing associa-
tions. In practice, if an outcome of interest can be predicted with
a machine learning model built from a set of features, these fea-
tures can be associated with the outcome [35].

Through pathway enrichment analysis of 130 predictive genes
for tAge, 15 enriched pathways were identified. One of the most
significantly enriched pathways was associated with chemokine
functions, including chemokine activity and chemokine receptor

Table 2
The prediction results from the refined feature sets.
Aging clock R Num R** wjo glycan R*>* glycan Glycans
tAge 0.812 130 0.812 0.000 N/A
gAge 0.290 8 0.000 0.290 IGP72; GP22; GP21; IGP27; IGP30; GP1; IGP77; GP17
gtAge (CONC) 0.820 135 0.598 0.274 IGP72; IGP57; IGP27; GP22; GP21; GP5; GP1
gtAge (CONC-RL) 0.853 144 0.611 0.275 IGP72; IGP27; GP22; GP21; GP5; IGP53; IGP51

R**: R? from the optimal feature set; Num: Number of features included in the optimal feature set; R*** w/o glycan: R? from the optimal feature set excluding features from
the IgG N-glycome set; R** glycan: R? from the IgG N-glycan traits in the optimal feature set; glycans: IgG N-glycan traits selected into the optimal feature set; N/A: not

available.
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binding (GOs: 0008009, 0042379, 0031726, and 0031730). Certain
chemokines are considered pro-inflammatory markers. They act
primarily as mediators in the immune response to recruit immune
cells, such as monocytes, neutrophils, and other effector cells in the
blood, to sites of infection or tissue injury [36]. They are also
known as inflammatory chemokines. In this study, CXCL8, CCL3,
CCL4, and PF4V1 were identified as important components of these
inflammatory responses. CXCL8 gene, which encodes a protein and
is referred to as interleukin (IL)-8, is universally secreted by
mononuclear cells (neutrophils, T lymphocytes, eosinophils,
macrophages, epithelial cells, and fibroblasts) and acts as a guide
molecule directing neutrophils to inflammatory sites. CCL3 and
CCL4 are C-C motif chemokine ligands that play a role in inflamma-

Table 3
Significantly enriched terms for tAge.

Enriched functional pathway Genes in the enriched

term

Chemokine activity (GO: 0008009) CXCL8; CCL4; CCL3;
PF4V1

Chemokine receptor binding (GO: 0042379) CXCLS8; CCL4; CCL3;
PF4V1

CCR1 chemokine receptor binding (GO: 0031726) CCL4; CCL3

CCR5 chemokine receptor binding (GO: 0031730) CCL4; CCL3

ABC-type glutathione S-conjugate transporter
activity (GO: 0015431)
Renal filtration (GO: 0097205)

ABCC3; ABCC2

MYOIE; ITGA3;

TMEM63C
Negative regulation of natural killer cell mediated  CLEC12B; KLRC1;
immunity (GO: 0002716) LGALS9

Glycine metabolic process (GO: 0006544)
Negative regulation of leukocyte mediated

SHMT1; AMT; GCAT
CLEC12B; KLRCT;

cytotoxicity (GO: 0001911) LGALS9
Negative regulation of natural killer cell mediated = CLEC12B; KLRCT;
cytotoxicity (GO: 0045953) LGALS9

Response to interleukin-1 (GO: 0070555) CXCL8; CCL4; CCL3;
LGALS9; NKX3-1
CXCL8; MX1; CD9;
RAMP1

LGALS9; FOXP3

Receptor internalization (GO: 0031623)

Positive regulation of CD4-positive, CD25-positive,
alpha-beta regulatory T cell differentiation (GO:
0032831)

Positive regulation of natural Killer cell chemotaxis
(GO: 2000503)

Chemokine-mediated signaling pathway (GO:
0070098)

CCL4; CCL3

CXCL8; CCL4; CCL3;
PF4V1

CXCL8: C-X-C motif chemokine ligand 8; CCL4: C-C motif chemokine ligand 4;
CCL3: C-C motif chemokine ligand 3; PF4V1: platelet factor 4 variant 1; ABCC3: ATP
binding cassette subfamily C member 3; ABCC2: ATP binding cassette subfamily C
member 2; MYO1E: myosin 1E; ITGA3: integrin subunit alpha 3; TMEM63C:
transmembrane protein 63C; CLEC12B: C-type lectin domain family 12 member B;
KLRC1: killer cell lectin like receptor C1; LGALS9: galectin 9; SHMT1: serine
hydroxymethyltransferase 1; AMT: aminomethyltransferase; GCAT: glycine C-
acetyltransferase; NKX3-1: NK3 homeobox 1; MX1: MX dynamin like GTPase 1;
CD9: CD9 molecule; RAMP1: receptor activity modifying protein 1; FOXP3: fork-
head box P3.
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tory responses by binding to their receptors [37]. PF4V1 is also a
chemokine gene that is highly comparable with platelet factor 4
and displays a key antiangiogenic function. Other identified path-
ways were mainly related to immunity, including the regulation
of natural Kkiller cell-mediated immunity (GO: 0002716),
leukocyte-mediated cytotoxicity (GO: 0001911), and natural killer
cell-mediated cytotoxicity (GO: 0045953).

For the integrated omics-based aging clock, gtAge, 144 features,
including 137 genes and 7 glycan traits, were selected. Although no
significant pathways were identified from the selected genes, the
genes encoded core proteins of the immune processes—CLEC12B,
KLRC1, and LGALS9—met the selection criteria for gtAge. CLEC12B
is a member of the C-type lectin domain family, which enables pro-
tein phosphatase binding activity and signaling receptor inhibitor
activity, and is involved in the natural killer cell inhibitory signal-
ing pathway [38]. KLRC1 belongs to the Kkiller cell lectin-like recep-
tor family, also known as the natural killer group 2 (NKG2) family,
and acts as a key inhibitory receptor on natural killer cells, regulat-
ing their activation and effector functions. LGALS9 is a galactoside-
binding lectin, which is implicated in several classic immune path-
ways for modulating cell-cell and cell-matrix interactions. For
example, the activation of extracellular signal-related kinase 1/2
(ERK1/2) phosphorylation in mast cells and dendritic cells induces
the production of cytokines (IL-6, IL-8, and IL-12) and chemokines
(CCL2). The inflammatory pathways identified in the current study
support the new inflammageing hypothesis [39], a developing
inflammation status in most older individuals, and offer a novel
tool for the estimation of BA. The predictive feature set for gtAge
contains potential anti-aging therapeutic targets. For example, by
searching for the genes identified in the current study in DrugBank
[40], ten medications (reserpine, gadoxetic acid, taurocholic acid,
lamivudine, probenecid, verapamil, indinavir, vincristine, sulfin-
pyrazone, and tetrahydrofolic acid) have been developed and mar-
keted targeting three proteins (encoded by ABCC2, ABCC3, and
SLC22A1 genes) to treat high blood pressure, chronic gout, and hep-
atitis B infection, and prevent human immunodeficiency virus
(HIV) infection. These medications are used to treat
inflammation-mediated diseases, which further implies that the
gene set identified for gtAge represents a broader target set for
the development of anti-inflammatory drugs. From the feature
importance, we observed that IGP53 contributed significantly to
the prediction of gtAge and was shown to be negatively associated
with age, implying that a decrease in IGP53 could be a marker of
biological aging. IGP 53 was derived as the percentage of digalacto-
sylated with core fucose glycan (FA2G2, GP14) in the total neutral
IgG glycans (GP1-GP15). Taken together, the integrated features of
gtAge showed a coherent aging mechanism driven by immune
modulation and chronic inflammation. The convergence of inhibi-
tory immune genes (CLEC12B, KLRC1, and LGALS9) and pro-
inflammatory glycan alterations (such as the age-associated

Table 4

Univariate analyses for disease status.
Phenotype CA Delta gtAge Delta tAge Delta gAge

Coefficient (95% CI) p Coefficient (95% CI) Coefficient (95% ClI) p Coefficient (95% Cl) p

SBP 0.006 (0.003, 0.008) 0 0.002 (-0.004, 0.009) 0.454 -0.002 (-0.008, 0.003) 0.446 0.003 (-0.002, 0.008) 0.213
DBP 0.004 (0.001, 0.006) 0.009 0.003 (-0.004, 0.01) 0.445 -0.003 (-0.010, 0.003) 0.293 0.003 (-0.002, 0.009) 0.217
TC -0.001 (-0.005, 0.003) 0.594 0.004 (-0.007, 0.015) 0.480 -0.004 (-0.013, 0.006) 0.421 0.011 (0.003, 0.019) 0.006
TG 0.008 (-0.002, 0.017) 0.111 0.013 (-0.013, 0.039) 0.315 0.006 (-0.017, 0.029) 0.606 0.030 (0.011, 0.049) 0.002
FPG 0.005 (0.002, 0.008) 0.001 0.005 (-0.003, 0.013) 0.229 0 (-0.008, 0.007) 0.943 0.008 (0.002, 0.014) 0.014
HDL -0.003 (-0.008, 0.002) 0.255 -0.016 (-0.029, 0.003) 0.020 -0.014 (-0.026, -0.002) 0.022 -0.007 (-0.017, 0.003) 0.172
LDL -0.002 (-0.008, 0.004) 0512 0.010 (-0.006, 0.026) 0.234 -0.002 (-0.017, 0.012) 0.744 0.017 (0.005, 0.030) 0.006
HbA1lc 0.003 (0.001, 0.004) 0.006 0.001 (-0.004, 0.006) 0.709 0.001 (-0.003, 0.006) 0.552 0.004 (0, 0.008) 0.039
CRP 0.016 (-0.005, 0.037) 0.144 0.011 (-0.046, 0.067) 0.707 -0.005 (-0.055, 0.045) 0.846 0.025 (-0.019, 0.068) 0.268

SBP: systolic blood pressure; DBP: diastolic blood pressure; CRP: C-reactive protein.
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Fig. 4. The additive information about HDL from gAge, tAge, and gtAge. The plots show the relationships between six aging-related phenotypes and the delta ages for gAge,
tAge, and gtAge. Red dots and lines represent females, and blue dots and lines represent males.

decline in IGP53/FA2G2) indicates a unified process of immunose-
nescence and inflammation. This highlights the value of combining
transcriptomic and glycomic data in capturing multifaceted biolog-
ical aging landscapes. Therefore, the gtAge model not only esti-
mates BA with high resolution but also uncovers actionable
targets within inflammation-related pathways, reinforcing its
potential both as a biomarker and tool for identifying anti-
inflammatory therapeutic strategies.

In contrast to the transcriptome analysis, we detected more
age-associated IgG N-glycan traits using the linear method. For
the original glycan traits, we found that FA2G2 (GP14), agalactosy-
lated bisecting GIcNAc with core fucose glycan (FA2B, GP6),
digalactosylated and sialylated bisecting GIcNAc with core fucose
glycan (FA2G2S1, GP18), and agalactosylated bisecting GIcNAc
with core fucose glycan (FA2, GP4) have the strongest associations
with CA, which is consistent with the findings from all replicated
cohorts in the study by Kristic et al. [9]. The other three age-
associated glycan traits found in our study—agalactosylated glycan
(FA1, GP1), digalactosylated with core fucose and bisecting GIcNAc
glycan (FA2BG1, GP11), and digalactosylated bisecting GIcNAc
with core fucose glycan (FA2BG2, GP15)—also show strong associ-
ations with age in at least two validation cohorts in the study by
Kristi¢c et al. [9]. KriStic et al. [9] detected three strongly age-
associated glycan traits, namely, agalactosylated bisecting GIcNAc
glycan (A2, GP2), digalactosylated and disialylated with core fucose
glycan (FA2G2S2, GP23), and digalactosylated glycan (A2G2,
GP12). In the current study, the p values for these three glycan
traits were less than 0.001, and their FDR values were less than
0.25, implying their contributions to aging. In another study by
Yu et al. [20], the exact raw p values from the association analyses
were not reported. Therefore, we could not compare strengths of
our associations with those of Yu et al. [20]. However, if we use
the same significant cut-off score as those in the study by Yu
et al. (i.e.,, p < 0.05) [20], we can consider monogalactosylated with
core fucose glycan (FA2G1, GP9), GP20 (structure not determined),
monogalactosylated with core fucose and bisecting GIcNAc glycan
(FA2[6]BG1, GP10), monogalactosylated with core fucose glycan
(FA2[6]G1, GP8), and high mannose (M5, GP5) as age-associated
glycans in addition to the traits mentioned previously. In total,
15 glycan traits were significantly age-associated under this cutoff,
and all these traits were age-associated in the study by Yu et al.
[20]. The significant association between adjusted galactosylation
and sialylation levels of IgG and CA can be explained by inflamma-
tion, which contributes to the pathogenesis of aging and related
diseases through chronic, sterile, low-grade inflammation [41].
Both Kristic et al. [9] and Yu et al. [20] did not investigate the asso-
ciations between CA and derivative glycan traits (IGP1-IGP54).
One potential strength of our study is that we explored the age-
associated derivative glycan traits. As to the predictive model built
from IgG N-glycome, the best R? = 0.290, which is comparable with
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the model in Yu et al.’s study [20] while lower than Kristi¢ et al.’s
study [9].

The current study found very few age-associated genes and sev-
eral age-associated glycan traits, implying that aging has a larger
effect on the IgG N-glycome than on the transcriptome, indicating
that the interaction between genetic and epigenetic factors plays
an essential role. Aging can change the IgG N-glycome via tran-
scription and translation processes while also changing the IgG
N-glycome by influencing the epigenetic factors. In fact, both these
effects exist. Further in vitro and in vivo validations of age-
associated glycans should control for non-genetic factors if genetic
factors are the main research targets or vice versa. Furthermore,
changes in inflammatory states have been proved to be involved
in the aging process, and IgG glycosylation plays an essential role
in the inflammatory cascade [19,20,42,43]. Thus, the IgG glycan-
involved aging clock may show the inflammatory aging states.
An intriguing aspect of aging highlighted in our study is the poten-
tial role of the IgG glycome in influencing age-related processes.
Recent findings suggest that the glycosylation profile of IgG can
act as a critical modulator of inflammation and senescence.

Based on the associations identified, we built a novel aging
clock, gtAge, by integrating IgG N-glycome and transcriptome data
for BA prediction. We used two methods to integrate omics and
build models for gtAge. The essential difference between the two
models is the selected feature set. The feature set for the first
model was selected by performing LB-FS on a concatenated IgG
N-glycome and transcriptome (CONC), and the corresponding
model achieved R? = 0.820. The second model adopted a novel
method, AlphaSnake, to integrate the IgG N-glycome and transcrip-
tome, and adopted LB-FS to select the final feature set (denoted as
CONC-RL). The corresponding model achieved R?> = 0.853. Both
models showed superior performance compared with the model
built from the transcriptome (R?> = 0.812) or IgG N-glycome
(R? = 0.290). The model from CONC-RL performed better than that
from CONC, indicating AlphaSnake could be a promising strategy
for multiomics integration. The advantage of AlphaSnake is that
it leverages a DRL method to determine the optimal trajectory
for FFS through trial and error. Compared with the simple concate-
nation method, exploration by AlphaSnake brings more possible
combinations of rankings from integrated omics. Therefore,
AlphaSnake increases the probability of achieving a higher optimal
FFS performance and includes more potential predictive features
for FFS to achieve the optimal performance. This, finally, results
in a better model for the refined feature set than LB-FS. In addition,
AlphaSnake relies on feature ranking and selects the most impor-
tant features from different omics. Thus, the search space is limited
to a practical range. For example, if we do not use feature-ranking
information, that is, assuming all features are equally important,
we need to search for 2" possible feature combinations (n is the
number of features), which is not practical for high-dimensional
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data. In our experiment, AlphaSnake identified the optimal FFS tra-
jectory at approximately 40 epochs, which is not computationally
expensive. AlphaSnake can be adopted for other omics data and
research questions, and requires to be studied further.

The additive information for gAge, tAge, and gtAge was prelim-
inarily evaluated. We observed that delta gtAge and delta tAge
were negatively associated with HDL, indicating that biologically
younger individuals have higher HDL levels. However, CA was
not significantly associated with HDL. Therefore, gtAge and tAge
provide additional information for investigating HDL levels. Com-
pared with tAge and gtAge, gAge had a lower correlation with
CA. However, delta gAge was positively associated with more phe-
notypes, including TC, TG, FPG, LDL, and HbAlc, whereas it was
negatively associated with HDL (p 0.172). In addition, we
observed that the p values of the associations between gtAge and
FPG and LDL were lower than 0.25, whereas those of the same
associations for tAge were obviously higher, suggesting that gtAge
could learn information from the glycan part of the IS. Hence, we
propose that integrating different omics to build an aging clock
can improve predictions and benefit from different biological infor-
mation contained in both omics. A limitation of the current study is
that the cohort only covered a middle-aged population (aged
between 46 and 66 years), but a vital period of life, for example
menopause for women and andropause for men [16,19]. However,
further studies are required to validate the proposed gtAge.

We observed that gAge provided additional information on
more phenotypes than gtAge or tAge. Our gAge is positively asso-
ciated with CA and can explain 29% of the variance in CA, indicat-
ing that, to a certain extent, it can measure the rate of aging.
Simultaneously, it learns information related to the phenotypes
of the study interest, enlarging the difference between the pre-
dicted and CAs. Therefore, a poorer predictive model for CA may
not always be disadvantageous, as it may provide additional infor-
mation for measuring BA. The IgG N-glycome has been proven to
be associated with several non-communicable diseases, such as
type 2 diabetes (T2D), in this study population [10]. Further studies
should explore whether gAge is a better predictive feature of IgG
N-glycome-related diseases than CA. In addition, we found that
gAge was highly sex-specific for several phenotypes, which might
result from the fact that sex and hormone levels were associated
with notable changes in IgG N-glycome [16,19].

In summary, we have identified age-associated genes and IgG
N-glycan traits. In addition, we created a novel aging clock, gtAge,
by building a model to predict CA from integrated IgG N-glycome
and transcriptome data, leveraging a LASSO-LARS bootstrap fea-
ture selection method and a DRL-based multiomics integration
method. The absolute difference between gtAge and CA was posi-
tively associated with T2D in the study population, suggesting that
gtAge may be a potential indicator of BA. To the best of our knowl-
edge, this is the first study that integrated IgG N-glycans and tran-
scriptomes to predict age. We found that integrating multiomics
data can improve age prediction and that, depending on different
biomarkers, the predicted aging clock may reflect different infor-
mation. As the pilot cohort in this study is limited by the narrow
population age range and small sample size, the proposed gtAge
might not have sufficient generalizability and transferability. Poor
generalizability and transferability of age prediction models were
also observed in other studies. For example, Peters et al. [12] found
that the R? of age prediction models varied from 0.121 to 0.599
depending on the different cohorts analyzed. Shokhirev and John-
son [15] found that the best model could achieve R? > 0.95 in the
discovery cohort, whereas after applying the model to external val-
idation datasets, the performance decreased to R? = 0.48. Therefore,
more studies involving larger cohorts and more diverse popula-
tions are needed to further validate gtAge. In addition, although
glycomics and transcriptomics offer valuable insights, their use in
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real-world settings is limited by high costs, complex workflows,
and scalability-related challenges. In particular, glycan profiling
lacks standardization and automation, making large-scale clinical
applications difficult. As technology advances and costs decrease,
broader implementation may become more feasible.

In this study, we propose AlphaSnake, a novel RL-based feature
selection algorithm specifically designed for multiomics data inte-
gration. Unlike traditional concatenation-based integration,
AlphaSnake employs DRL to intelligently select and prioritize fea-
tures from diverse omics datasets, thereby enhancing predictive
performance by focusing on the most informative variables. Our
results show that AlphaSnake significantly outperforms conven-
tional concatenation-based approaches. A major advantage of
AlphaSnake is its ability to preserve the original format of each fea-
ture, thereby enhancing its interpretability. In addition, AlphaS-
nake efficiently reduces the computational overhead by
leveraging pre-calculated feature rankings, which allows it to focus
dynamically on selecting the most impactful features. Its flexibility
allows the integration of any ranking methodology, making it
adaptable to various multiomics integration scenarios beyond
aging research. However, AlphaSnake also possesses certain limita-
tions. Its dependence on the initial feature-ranking information
indicates that inaccurate or biased rankings can affect the down-
stream model performance. Moreover, compared with
transformation-based methods (e.g., dimensionality reduction
techniques, such as principal component analysis (PCA) or autoen-
coders), AlphaSnake may require a more detailed preliminary anal-
ysis to generate reliable feature rankings. Although model-based
approaches may inherently capture complex interactions without
explicit rankings, AlphaSnake explicitly depends on accurate rank-
ing mechanisms that could constrain its effectiveness in certain
contexts. Future research should validate AlphaSnake more exten-
sively across diverse populations, such as African and Asian
cohorts, and across broader age ranges. Such validation is crucial
to confirm its utility as a robust and generalizable tool for biolog-
ical aging assessments and other complex biological questions
involving multiomics data integration.
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