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Table 1~ Age distribution of blood sample donors

AR T BL FEAR LA AR Y
20~29 30 23.23
30~39 22 34.73
40~49 17 44.47
50~59 22 53.82
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Table 2 Numbering of CpG sites

LR cg s
CPG1 cg21572722
CPG2 519283806
CPG3 g03607117
CPG4 cg13552692
CPG5 514692377
CPG6 ¢£25410668
CPG7 ¢£04875128
CPGS ¢£04453050
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W T 8 S R REASFT L , BEALAH IR 60 MEAAE Ny
BRI INZRAE | 31 REAAE S B a4 o T
Matlab #X {5 6 F1 libsvm-3. 34 T 5 A, i FH A% 45
K (grid search) 5 38 LG HIE (cross-validation ) 5% £
FEFE ST € AR RS B gamma (g) , IF 7l A
“svmtrain ()" BRI, ST YN ZRAERE AL 5 07 53 FH AR
K F-TA] 9 SVR FIINAR AL 2R ] “svmpredict () 7 R
BB A FEAT AR I T, O 38 2 S A G
BRETRARITT X BB AT v AL SR 22 b . AR
5T K 5 9738 ISR (5-fold cross-validation ) X
SRR AW A AT I 2R
1.3.5 Wi BEA a4 o A b 5 A

W0 8 5 HIREAS 53 Ry 4 AR AR B :20~29 %
30~39 % .40~49 % \50~59 % , 43 I PEAl A Y 7 45 4T
W 2H B PN PR B L 1525 2 TR PR AN AERR . 2
T i 22 7E +5 22 35 FE N, WA A 4 B 45 2R o
CIE

2 #R 53t

2.1 Pearson HHX14

$£ T Mumina JC R F FE 4L EPIC 2k.t5 7 (850K)
R 91 47 i A 7S v 8 4~ CpG A7 45 1 DNA H 54k
IRV, FL S REAR AR 1 [ S B an i 1 R . 3
BT r LA 3,
2.2 (UREESHELE

FE T Pearson AHICHE AT 45 L 76 5 AN MR T

0. 5 M4 1 3% 17 15 (CpG2 . CpG3 ., CpG4 ., CpG5 ., CpG8)
H, CpG8 1Y B s B £, M I AR F 9% e 2% 3 %
CpG2.CpG3.CpG4 ,CpGS I 4 A7 b A A . O
TR REABAEAE Matlab £ 4:F- 5 HH i “mapmin-
max ( “apply’)” PRECIEATIH— L AL BR W A7 98 B s Fn
A AT B s i 22 (0, D R IX I PY .
2.3 Ik DNA B EAL &b B R g #g i

TEHEN, DNA HEAR AR I P A A 1) o Ft v, 4
BTV I R B LB G R BURLAL (UL RE ANz Ak
PERE . N AE 2 o0 2% 191 14 (multiple linear regres-
sion, MLR) ELA 75 % (AT | ] ff ek i S 10 A, 7E 1
W gE P 2 R R R R R T AR S W
A gt [A] A7 E LM G R AR B e LA Rl B2 52 = 1Y
JRLRPEARFAE .

CpG N7 o5 AV AKCOE 5 4R 22 [8] 1 5C R FE A 7]
AP B B AN R BE IR X8l R AR R 2P &
BRI R L, T BRI R AR 1] BB S UL A N R
i 2E B b s X — A, AR5 2E T SVR 55
o SVRALRLE £ R ARy IR Lt B BE ) , Befgid
151 SR CINAR ] HEAZ A ) K i A SRR AT B S5 58]
15 2 23 [R), 7E = 4E R AE 2 (] R SR R LA O
AT, DT B VA 30 20 i) Cp G R Ak /K S Bl AR #8725 £k
5 2Rk ds

AN SVRBERITE/MEAS i e Bt g 5t T~ A
R0 1) 65 R P Y2 A RE 7, 3K — AR A LR 13
TAH ST RE A B A B R R AL B D
B, AT OB 406 RS B S BT 5 B okt it U
HHL

W OV IR BEAR T 29 21 A9 EL A5 BE ML S0 43 R V11 5
£ 60 117 (29 66%) MR AL 31 1y (249 34%) . 5T
CpG2-CpG3-CpG4a-CpGS 7 5 2 A 44 e A 'y 4 I 45
T R AR RIS R (B2 s T

F{x}=[x,x, 25 %,] (1)
Flo}=lw, 0, 0,,o,] (2)
y, = Flo} - F{x} +b (3)
Yp=yp><(N—M)+M (4)

R MRS IX ] R (M, N) B REAR I
LR SVR ALY HAE &0 F { o ), J &0
Hbo MR F { «), 7] 355 F00 A 45
AR X IO A TN, , Py, AT S VA —f Ab B A
FNLBRAF W HOMA Y, o Hrw, v, vy v, 20 00X
CpG2.CpG3.CpG4 . CpG5 i i i1y I HEAL K

iUk SVR BB AE AR S50 A T ik B iR fE



44 X S ST SVR AR I 7 DNA FH AL AR S0 52 75 -
45 50 70
r=0.46 r=-0.54 r=0.61
45t 60r o
I I * I -
< = S 50t oo
B B 40 P B -
b w357 = oot
B iig B -
300 . 20t
25 1 1 1 25 1 1 7 : 10 1 1 1
20 30 40 50 60 20 30 40 50 60 20 30 40 50 60
IR 1% 1%
(a) CpG LI (b) CpG24i £ (¢) CpG3{i 5,
55 24 - 65
r=-0.52 r=0.50 r=0.37
50§
20
st . R g
A B oy
e Si6f X
< ~ <~
B st i i : .
B E ol = oo :
30+ 45+ A
2520 36 4‘0 Sb 60 8 Zb 36 46 56 60 4020 3b 4‘0 56 66
I Rk AEIR Y
(d) cpc4ﬁ£l,§,\ (e) (:p(;S’f\/:).L:'\ (f) G P( ﬁ/f‘/ “““
40 55
r=0.47 r=—0.52
50F
S 30 [ - S
& L5t
3 5 w0
= = 35 .
30 o
0 1 1 1 25 1 b 1 : 1
20 30 40 50 60 20 30 40 50 60
A Y A%
(2) CpGTHE i (h) CpG8iz £
BRI IfIEEEAS 84~ CpG Ao 5 1) DNA FHEAL /K SF- S5 e AT 1 [l U5 180 A PR
Fig. 1 Regression scatter plots between DNA methylation levels and age at 8 CpGs in blood samples
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Table 3 Pearson correlation coefficients of candidate CpG sites

37 s rff
CPGl1 0.46
CPG2 -0.54
CPG3 0.61
CPG4 -0.52
CPGS 0.50
CPG6 0.37
CPG7 0.47
CPG8 -0.52

T PE g L A< SCR T A% 48 & (grid search) 45 &
54738 B AERY 7 5, TR BOE JU N X C g AT

Ak , #% R ESE FH A% 0] 2 2R %% (radial basis function ,
RBF) , 1% 4% RO H AT SVR H e i FH Tl e R
PR —IE, BB — M S8R5,
%5&13@&? B/‘quﬁji@jilfcé(mean squared error,
MSE ) , 3t f FU 5% 22 e /N S B0 . e &
C=1.41,g=28.00, % Jyik ekt G id fl & 1)
(7] BN 48 v AR AH e 7, ol ol RS 1R 7 2 % 2 S B
HR TN R O RS A T A L ISR S S A U
HELFR 4,

HAE LSRR, BT 8 SVR (0] I 1 254 i o
FEZRZE(R?)H70. 908 08, MK 4 R4 0. 885 29, K W]
HT CpG2-CpG3-CpG4a-CpG5 i 4 4 H A 4R %
MW LA AP A G DR o DINZRAE TH0I A7 % 5
ESAE Y A MAD S 1.58 % K E R N 2.57 % .
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Table 4 Training model parameters and variables in formulas

SR B fE &L
' 2 f ) KL R L (RBF) %
C 1.41 TEISH
g 8.00 W RIS gamma
s 3 s-SVR
P 0.01 K KA epsilon {8
o, -0.95 CpG2 YA
w, 0.84 CpG3 AL
w, -0.83 CpG4 YA E
w, 0.78 CpG5 AL E
b -0.41 [ DR TR {5
20 B REAR X A 11 2271
60 VA REAR X A (1) 4 721

Y G A 3 4 T AT i 55 FCS AR I A 4005 AT R
P73 53 LI 2 F L 3.
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£ 4004}
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Fig. 2 Fitting line graph between predicted age and actual age

in the training set
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Fig. 3 Fitting line graph of predicted age and actual age in the

test set
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Table 5 Accuracy indicators of the training set by age group

AR B Y MAD i Mm%  FEARECEA
20~29 1.25 94 17
30~39 241 89 18
40~49 2.98 84 13
50~59 3.15 83 12

#o MKW AR PE RS bR

Table 6  Accuracy indicators of the test set by age group

AR B BL Y MAD i e R /%  FEARKER A
20~29 2.33 100 9
30~39 2.98 100 8
40~49 3.05 75 7
50~59 3.68 57 7

% 8 B REA B 35 0 Xo VE I R T 5 A B R, 7
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Y 0 A 1 2R 5 58 B UE TS 5 C
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HH 89%. TEMLHE T =T, BERL 6 5 5 F e M
P, R B A A B 5, 4 R0 3 4 e i &R
BOR>H0.885 29, [l , X il 4 A4 41 s L FE AR 11
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A blood DNA methylation age-prediction model based on
support vector regression

LIU Rui ZHANG Jing MI HaoYuan FAN Pu

(School of Criminal Investigation, People’s Public Security University of China, Beijing 100038, China)

Abstract: Based on blood DNA methylation data obtained from the Illumina Methylation EPIC (850K) Bead
Chip, this study aims to establish a highly stable and accurate age -prediction model has been developed using the
principles of support vector regression (SVR) with a low-dimensional and high-correlation site selection approach.
Four core CpG sites were selected through a systematic literature review and Pearson correlation analysis. The SVR
model was developed in Matlab platform using the libsvm toolkit. To determine the optimal parameter combination,
grid search combined with cross-validation was employed to optimize the penalty parameter C and the kernel param-
eter g. During data processing, DNA methylation 8-values were normalized for model training and subsequently
denormalized to obtain predicted age values. The results demonstrate that the constructed model achieved a coeffi-
cient of determination (R*) of 0. 885 29 and a mean absolute deviation (MAD) of 2. 57 years on the test set, indi-
cating high overall predictive accuracy. Although the prediction error increased with age—leading to a slight
decrease in accuracy for older age groups—the error remained within an acceptable range. This study demonstrates
that the SVR model can achieve high-precision age estimation using only four CpG sites, demonstrating robust gen-
eralization capability and practical utility. This method provides effective technical support for the physiological
characterization of criminal suspects in forensic practice.

Key words: forensic genetics; support vector regression (SVR) ; age prediction; DNA methylation (DNAm)
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