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Human Dermal Fibroblasts through Interval Selection
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Abstract

It is reported that genome-wide RNA-seq profiles has potential as biomarkers of aging. A number of researches
achieved promising prediction performance based on gene expression profiles. We develop an age prediction
method based on the transcriptome of human dermal fibroblasts by selecting a proper age interval. The proposed
method executes multiple rules in a sequential manner and a rule utilizes a classifier and a regression model to
determine whether a given test sample belongs to the target age interval of the rule. If a given test sample satisfies
the selection condition of a rule, age is predicted from the associated target age interval. Our method predicts age
to a mean absolute error of 5.7 years. Our method outperforms prior best performance of mean absolute error of
7.7 years achieved by an ensemble based prediction method. We observe that it is possible to predict age based
on genome-wide RNA-seq profiles but prediction performance is not stable but varying with age.

Q_]:

£ =FoAe Y 4R 2AZ(Human dermal fibroblasts) 258 SR HAKA] JEE L-8oto] Uo|& &k |
e Avfgict At WoME S 5o gt BRr] 9 37 BES o]8slto] MIo] &3t Aot AY 1FS d‘i‘ﬁi
AeE A7 150 Sole & dlolE 9] IS4 &8st A A% ISttt A% dSotes S0 ?JE"QL
Mol I FEo] £AYR A=), i T A 2RV I BEE SAl0] Adgste] s T Aol gt &
Z700] SE=R] ofiE gRlgitt. A o] vhEd A9 Wl 9] el 917 180l &dh= dHojEE 0|85t —?r?‘i% 3
A HEE AgE dISope, A9 o] hEER]| grow S vl a& Agsith. Z7Y dlolEof disi] Agg At 7]E A
TFolA G4 7.799] Wit olE exfETE 955t 5.7do0lg e Wt oE eAtg 24T skt

o=

-lol‘

5

zgf

Key words : age prediction, genotype-phenotype association, transcriptome, dermal fibroblast, machine learning

. M2
* Dept. of Artificial Intelligence and Data Science,
Korea Military Academy

% Corresponding author =7 7149 H]—Z'LL]' oA tiefkel Ao gk vlo]
E-mail : hosik.seok@gmail.com, Tel : +82-2-2197-2873 = urAs oA Ay 9 gl AAZ o5
Manuscript received Sep. 20, 2022; revised Sep. 23, 2022, <uE Hds gi 5 HAF] WAS ol
accepted Sep. 25, 2022. s7] fJgt A ] J']‘/Hol ASE A AeH1I-3]. FHE <
This is an Open-Access article distributed under the IRS/71AERS 7|&S0] 1hstEHA 7AEKSS o]
terms of the Creative Commons Attribution Non- s -

Q3 Z A H. dH 0ol IAE EFsIHE Al =
ommercial License(http://creativecommons.org/licenses/ o] FAESt HABS WAS THok= A=S
by-nc/3.0) which permits unrestricted non-commercial o] AA=H|[4]-[6], Fleischerd IFoJAl= <I7t9] I
use, distribution, and reproduction in any medium, B0 A Z(Human dermal fibroblasts) 2EE sHa

provided the original work is properly cited.

(494)



Age Prediction based on the Transcriptome of Human Dermal Fibroblasts through Interval Selection 163

2t RNA-seq HloJE] Alof| #7719 &= 24-8sto
Holg d&ske WS AVstirt7]. sid A7t &
HE7] ARE Ho|uAE &-8sto] YolE &5}
= 97 &S AgPEo] o8], 9], old A+
o} v WS 1 Fleischer 159 d+= (1) THEAHG
Ao fAR HE HolHE &8st (2) At
o7 A2 A HES EE5iitke FolA B2
nE 3tk R AREAEE AEH 08 Aok &
gol A= AP TAE #kE HRltk= FHollx
Lolo] thgt Ho] QuPAEA S 7HAAL 5ol B
T Eo}=H[10], [11], Fleischer 159 I+E &9
I EHRFEANEE Hio|uPAR &-8sto] Yol& ASs}t
= A°] 7Fsstthe A= o 4 ATk

2 =RoNe DRHREAEAA SHEIE HARA
(transcriptome) o] 7|Hlslo] Jol& o&35H= 1t
He ANt AlRF S E7719 3l Hds A9t
sto] A& APZ ASohe S S8tk A W
HolA= WA Age &0 sidohe A% e F

b ol

o 2

A9 FEL o) B gt A o] 33
o SAlo] Aeid @3 el Ageks T Hol

o] ZejAItt. HA% FH2] ML Slste] 2t FHY
g 7j%o] PAELT), £57] L 31 2o U 2
£ Bgolo] HUT AP F7Io| Mgt ) Hole]
ol A%k o] 1% WL Sk

(o]
o e BATS HAT 5 Uow] TFHREA
A

o

2.1. 4% Holg 4 dF 45 3%

E =HoA% Fleischer 15°] A4S Hlolg|E &8
3t} Fleischer 182 A8 RA|Z2EE RNA-seq
Hlo]ElAlS: S 619 om ofid Hlo[EAk Gene Expression
Omnibus(HHS : GSE113957)04 &5 4= ok
[7]. i dlel8AlS 1339 o= 27,142709]
AR RS S4sto] BAE ZolH, 1~94] A
thoflA 127, 10~19A4] A=thollA 1471, 20~294] <
B4 1770, 30~39A41 ABolA 1471, 40~49A]
ABoNA 1470, 50~59A41 ABHolA 671, 60~6Al

BeiollA 1970, 70~79A41 AZgHiolA 471, 80~89A
BehollAl 2670, 9041 o1 A” oA 7712] A&l
APt = 5L LOO(Leave-one-out) nA}f
= &N SE=EA [7101A A8E AAe} 5t
A5 59l dHlolElE AAF st AR EE
2to] (58 o) Zpol) € 5 FPKM(Fragments per
killobase of transcript per million)2t} & WdZS
7= AEQ £ RS &8st &1 oA 1
2 AR JgS AT AR "lole A e HAt
= (719 A9 o). AA 23 24 475570, 0
486171, Bt 4,852709] AL Hd FEIE oS 2
4 50 Z-E= I

= Aol e 1 A
A sheink. F=oi7l AlEo] &35t
HA AdEgt & AP &S S35t
21 Agsilon, A5 45 7 Wt
Fol= HMEY A4 A

Adigkoll 7IRlete] S AH.

N R e

oY,

N

S

o,
&
:L_ll

2.2. Al

e
B S

re
o,
=
=z
=
1p
ol

o, Hol2 1] 418 ZAGNA “regV'7t B B
Zegre onlaith. B89 25 duet 319 md
o] 2eglregV)E BESto] B A FAHT)o] Fof
AEel #aet A% 7714 ofng geusict
oF mElolAl: 21700 A 77k BEse A
QA% 77re] FAH A FHE Hol 19 Ry
Al Ry U)E HAIE] Qloh AFE & 4 8le
Zo| Foh A9 ROV R, Reol 24 R7t
A A= o] SRlEich, wok s o) A

=,

(495)



164 j.inst.Korean.electr.electron.eng. Vol.26,No.3,494~499,September 2022

Table 1. A set of rules for age prediction.
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schematic of training and test procedure.
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Table 2. Prediction performance.

B 2 054s
Method Parameters Mean absolute error Ref.
Our method Kernd e reseenson (Cchmomial Lol degron = 0 57 :
LDA ensemble Age bin width = 20 7.7
Gaussian niive Bayes ensemble Age bin width = 30 15.7
k-nearest neighbors ensemble Age bin width = 20 19.7
Random forest ensemble Age bin width = 20 11.8 7]
Linear regression - 12.1
Elastic net regression A]{If}/lfzzzoél 12.0
Support vector regression Second order polynomial kernel 11.9

Table 3. Prediction performance per target age interval.
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