KIPS Trans. Softw. and Data Eng.
Vol.12, No.6 pp.259~266
ISSN: 2287-5905 (Print), ISSN: 2734-0503 (Online)

Concept Drift0f 2ot ML 22 M5 #H3to] FA =M 9 259
https://doi.org/10.3745/KTSDE.2023.12.6.259

Quantitative Estimation Method for ML Model Performance
Change, Due to Concept Drift

Soon-Hong An' + Hoon-Suk Lee'" + Seung-Hoon Kim''

ABSTRACT

It is very difficult to measure the performance of the machine learning model in the business service stage. Therefore, managing the
performance of the model through the operational department is not done effectively. Academically, various studies have been conducted
on the concept drift detection method to determine whether the model status is appropriate. The operational department wants to know
quantitatively the performance of the operating model, but concept drift can only detect the state of the model in relation to the data,
it cannot estimate the quantitative performance of the model. In this study, we propose a performance prediction model (PPM) that
quantitatively estimates precision through the statistics of concept drift. The proposed model induces artificial drift in the sampling data
extracted from the training data, measures the precision of the sampling data, creates a dataset of drift and precision, and learns it.
Then, the difference between the actual precision and the predicted precision is compared through the test data to correct the error
of the performance prediction model. The proposed PPM was applied to two models, a loan underwriting model and a credit card fraud

detection model that can be used in real business. It was confirmed that the precision was effectively predicted.
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1.1 Concept Drift

Concept drift= T2 802 Class drift, Real concept
driftB312%= &9, p(1x)9] WHEE Hehdch ol= p(x)9
W7 o Fo| TAGlo] TA4] = AL nlgitt.
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glo]Eol A Concept drifte p(¥X) 2] ©HO0 R SA A
7} Y74 =0 o]Hof wEoixl QJAl A% Hdl2 ofn|7} glojXl
Ag Hof £

% This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/ licenses/by-nc/3.0/)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.



260 MEXM|SS=2X|/AZEY0 L O0|E S5 H123 H65(2023. 6)

00?% . (00® o |0 Ge
X )¢ 00 .97 |% 000
Q' OO —’O OO .IOO

IloOO OO O ..II
e e |© o (e

(b) Concept drift (c) Data drift
(Virtual Concept drift)
Fig. 1. Types of Drifts: Circles Represent Instances,

Different Colors Represent Different Classes

(a) Original Data

1.2 Data Drift

gojg 2 WHIE s dA Hde) JFS v[A= A
Data driftg}al b, T2 8o]l2+, Virtual drift, Virtual
concept drift[3]8}x Sttt o, p(NE #HWE AT
p(MX) = 7 HA| 9= 202 Holy £x9] E4L& WA
EA G 299 F52 HAEA g= AL gt
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(online data)< &3 HIZUA 4o L83ttt 18U, =
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1) DDM(Drift Detection Method)[8] : @F&(p)I H
FHAKs)E BYE P Drift #AE gch

2) EDDM(Early Drift Detection Method)[9] : DDM3}
AR @7-&(pi)7t obd A& R/ Aol ARl EAst
o] Drift ZAE 3t

3) ADWIN(Adaptive Windowing)[10] : o] dHo]&e}
4l HolHE 5408 23k F 79 IAEA(w) sliding
window® W w9 Z70Z Drift ZAE 3t

4) SeqDrift(Sequential Drift)[11] : ADWINZ 7]4l5}
H, ¥3%H windowE &9l sampling Hlo|HE #otL
Bernstein bound[12]5 &-&dto] #i& HH9| EAHER)
AATS R Drift ZHAE gt

5) SEED(state-of-the-art drift detection)[13] : ADWIN
< 7I¥tet, & 719 windowE HlaLste] window®] B+t
AAZ 4 Bonferroni 24, Hoeffding 54 AAS 5
S| Drift A& gt

6) STEPD(statistical test of equal proportions to
detect)[14] : & window?] &4 B @ SA3 v]-89
FAA ASE &9l Drift AAE gt

7) WSTD(Wilcoxon Rank Sum Test Drift Detector)
[15] : STEPDS 7|9k, STEPDI th2A 5US H&Z
AR&5t= 4l Wilcoxon[16] &9 &9 4 € &71 W
2 window 7] A 53} Drift ZAE 3t

8) FTDD(Fisher Test Drift Detector)[17] : STEPD&
7|9kslH, Fisher's Exact test [18]5 B3 &%, 49
olf] MES YT HlEY FAA ASLE Drift AAE T
ot 34 ¢31E]&£ 02 Fisher's Exact test® hybrid ®+4]
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1) DWM(Dynamic weighted majority)[20] : Weighted
Majority Algorithm(WMA)[21]& &3t 715 ensemble
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2) Bagging [22] @ Boosting [23] : €1g&9] &A=&
9J5f) AF85t= B 0 & BaggingS BHEH training seto]lA]
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3) OzaBag(Oza and Russell's Online Bagging), OzaBoost
(Oza and Russell's Online Boosting)[24] : Poisson &3
£ AH&ste] 2211 S04 o ezelel darE|Ee] &
2 A[EHolA stk OzaBag, OzaBoostoll 242 ADWINS
AR&310] DriftE ZXe ¢ 8lES Adwin Online Bagging
(Adwin Oza Bag)[25], Adwin Online Boost(Adwin Oza
Boost)gkal gttt

4) LevBag(Leveraging bagging)[26] : Oza Bag 7]¥r2.
2 ADWINS 3715t st= 7Y% Drift Z4]7] o]t} Poisson
E129) o H(A=6)Z S7HIA instanceold EHL &
E2 &9 £

5) DDD [27] : Online Bagging® H¥ 2 & Drift 7A|
AT gFgdol 2] b Y] 74| ensembles 4831ttt ARE-
= ensemble2 £%9} concept?] Aol Wt A2 Drift
7F oBA UEtteA £4 gt

6) FASE(Fast adaptive stack- ing of ensembles)[28] :
OzaBag 7|9t9] gaigjEoly, et E577]E B3l ensemble
718 AL AP DriftS At

7) Online Boost-by-majority (Online BBM) [29] :
Freund’'s BBM algorithm [30]9] Online ¥#o|t}, S8 %
o] W 715 SEET FAET) AR S50 RE JARRE AV}
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8) ADOB [31] : Oza BoostE 7|¥T2Z 3sl= Boosting
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27} #sHA €t
5k o]% o]t FAR2 Data drift, Concept drift=2 A
B 5= Q1o olE ShEAIHY] B E B, trainsetd
testset®] ¥I7} 403t Covariate shift[32] AE| =2 gt
= Slt}. wEbA, Covariate Shift AFE19] Shg Wo] ot
A1=2 B, 22 A 9 PHE TE&shA gt
Covariate shift ZA|91A] trainset2 Equation (1)& &

o g,
XL :Xl,"'?Xm’YL = y1,"'7ym (1)

Equation (1)°14] trainset x9] distribution p(zlx) ©Jc}.
183, testset2 Equation (2)9F Zo] 9 3t}

XJ':Xrn+1""7an+11’YT “VYm+1Ym4n (2)

Equation (2)°l1A] testset x2] distribution= p(zlf) °Jct.
covariate shift Aol 412] gk W ol thgt A[33]] 9
S Equation (1),(2) 2740l 2t loss function®] A4
2 Equation (3)3 Zo] Hojdtt.

Byl =B,y ) )

Equation 3)°IA 1(f(2),y)2 & f(z)9] loss function&
oJu|gte}. lossE scale 240 98 covariate shiftS B
4= b= A4 o] H]4L, Drift Ao 2 AntaleiA Ads TA A
oz " £ Utk ol B9 s)E G £3 A%
(regression)©|2} 745FH Equation (4)<} Zo] T

Lguared f(@)sy) = (y=f(2))? 4)

Equation (3)° Equation ()& wHYsHA A=sH4,
Equation (5)2 EHE 1,

B, @)1 =E,, A[g((j el 6)

Z} dataset?] distribution &3} LA [oss= A3 =
Folg} g 4= 9lom Expectation A4 FE][34]0] 23
E(AB) = E(A)E(B)E WYY, Equation ()& Vehd 4
ATt
p(zlf)
plalr)

By oly—r@P1= B, 255, @) 6

ofuj Zzte] ghe ofefet 2ol mAH}
E<I.y> 0 [(y*f(:v))z] = Testsetoll e+ MSE (Mean Square Frror)

E(_T_y) - [(y*f(ac))Q] = Trainsetol| e+ MSE (Mean Square Frror)

o|& Equation (6)°l Y A2IotH Equation ()2 F&
o] 7ks5itt.
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Equation (7)& 531, testset(live data)@} trainset(Z =
=74 46)9 45 ¥ distribution®] #A 4ol JHetE &
% Stk

o]g sl 0|27 HjAL 7|Hto g E dilojix:= concept
drifte] SAFS 5o 2 FAHOZ precision 52 3t
= A% d& »d(PPM, Performance prediction model)
< AlQreict.

3.2 A2t ditd

Fs dF W 2dE fl,0olgt & o, trainset¥}
testset f(z,2)9] <5 4 &5 58S Yo €84 A dlo
Hol 35 "ot I82 testsetS Fot] f(2,0)9 A%
base score”}t %7{45413]'
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1) Stepl : A% 2EF GA(performance modeling)

Algorithm 1. Stepl : performance modeling
frrunss‘f { L} #016]— Zl—%té‘] L i £7]
: Ltssfssf, - {YT7XT}

» fa, D) =train(Y,, X;)
base_score = score (f(XT7 L), Yz‘)

For number_of_sample do
Y, X, = block_. sampling( Y, X, L,samplingﬁratio)
X, = noise_mjection(Xh, noise_intensity)

drift = adjusted_ks_test (XL,Xb)

\900\‘0\\"*‘*‘“1\’"‘

Ascore_array<—(base_score — score (f(Xb7 L), Y;))
drift_array<—drift

11: end

12: ppm(drift) = train(Ascore_array,drift_array)

H
e

a) trainseto] W& Fo]A sampling ratio?] H|& HY
Y random sizeZ &3 AMEF (block sampling)&

St

b) MEgdx, d¥o] ‘FZHIHX,) noise intensity =
—i—n,j A2 ZF= Normal distributionollAl 49 HE
g 3 Tlsto] X, 9 EAE whgel driftg REg

c) trainset(X;)¥} driftf- " Sample(x,)ol thsl] HAEH
Kolmogorov-Smirnov test& 3dto], drift A%
(Kolmogorov-Smirnov statistic)= FE3gtc}.

d) oldfj, A KS Test= 7]&9 KS Test? Equation
(841 Equation (9)2} Zo] ®7sto] A-g3trt.

D, =sup,|F, () — F(z)| ®
D, =sup, (F, (z)— Fz)) ©

e) Equation (9)¢ Zo] AHdFE AASIER drift A
Fo| Ay EA4S A4 A5 dZol digt drift 54
Fol AYES U

f) driftf- =% Sampleo] W3l f(a,0)9] s TEA

(Ascore)S Ascore_array©]] AAgHC}

g) driftBAHES drift_array©l] AASHc}

h) Equation ()~(7)7H419] 37gg RHEsko] drifto]l Hgt
e A datasetS AJAIsH).

i) drift ‘35 A2} dataserZ B9, ppmldrift)S 53T

2) Step2 : e ZAA B DA(adjust value)
SteplolA X, QHEE 49 X&std] driftE FEotd o

o2 drifto]l 9t A5 HaAHAscore)= AA| driftol| A ¥
Ashe fgraztoler g £ &’lﬂ}. olE zHs7] Yl

testsetS E3)], 1 A o 243,

Algorithm 2. Step2 : adjust value

1: For number_of_sample do
2: Y, X, = block_sampling( Y X sampling_ratio)
3 drift = adjusted_ks_test (XL, Xb)
4 Ascore_array,,, ;. Prm (drift)
5 Ascore_array,., .,
<« (base_score — score (f(Xb, L), Yb))
6: end

range(A score_array rea )
7: adjusted_value = cal

range(A score_array predicted )

a) testset( ¥, X,)°] tisto] F0]A sampling ratio%] H]
£ HYUWNA random size EF MEH(block
sampling)& Sttt

b) trainset¥} testsetolA] F&%F SampleoA ¥H7H
Kolmogorov-Smirnov testE 3o, drift5A%
F &3t

o) SteploIA S5 ppm(drift)& Bl A& & ARAL
Ascorepml“ml—g T3) Ascare_arraympd“,[wﬂ A AFstct.

d) testsetol A &% Sample(¥,, X))ol W3l f(z,2)9] A

A s TARH Ascore,, ))& T3F0] Ascore_array,,,,°l

A7t

Equation ()~(49)9] #I8-& vrEste] d& G5 A

2} dataset® A A5 ZAA} datasetS YA

D A5 d5 F4AY MeMax-Min)et A A5 F4
219] Helo] gt Hl&Z B H[EgeE  Eith

e
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3) Step3 : ppml(drift) A8 DA(apply performance
model)

Algorithm 3. Step3 : apply performance_model

L Lyt tive_data = 1 X }#live dataclli= Y7} 5|&A)]

2! drift = adjusted_ks_test(X,, X))

5' 9C()T()pre‘dz cted

= base_score — adjusted_value*ppm (drift)

a) 94717t 49 LFAA dataset (X)E FHESH
b) trainset(X,)¥ AA| dataset (X)o wis] HAH
Kolmogorov-Smirnov test® 3}9, drift SAFS
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D di& A4 299 s 34 A9

a,

i

Personal Loan Data

- o= 7j91dl& 719 ‘Lending Club'2] &7 dlo]E

- 2007~2017¥7H4] % 2,260,70142] dlol

- ti& A9 A ‘default’ 9% E | 15170
Column,

- glojg] A &, 817§ Features, 1209 AR&

11,4974 (2010%)
1,268,183A (2011~20179)

trainset :
online dataset :
b) t& AAF €118]F . Random-forest
o s 9% <ads
regression
d) A9 w4

- feature_count (order of importance)

Ordinary Least Squares

- sampling ratio
- noise intensity
e) 45 AE : precision

2) AB7IE QAR ©A] HE9| H5 4 Ad
a) Credit Card Transaction Data
- IBM multi-agent virtual world simulation H°]¥
- 9F 249 A ©oJA9] transaction EF}
- "l=of] AFsk= <F 2,000 9] AH|RL
-2 d9 vl ¢ oy slE JH xg
- trainset : 37,3014 (20079, 1/30 &4)
- online dataset : 90,8367 (2008~20094, 1/30 £4)

b) 487t oALg BX FuE

0 8% A& d1E
regression

d) Ayl W

- feature_count (order of importance)

. Catboost
: Ordinary Least Squares

- sampling ratio
- noise intensity

e) 45 AE : precision
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Fig. 2. The Precision of the Model and the Sum
of Drift Statistics (for 3 features)

4.3 M At

D A& AA 2d AF At

a) concept drift &% A3+

importance’} &2 A9 3709] feature('recoveries',
'last_fico_range_high', 'last_pymnt_amnt')E A1=}5}4]
KS-Test A% &3} precisions B3}

Fig. 20014 Z+ feature®] drift SAFF ol Z7F6H= A
gRelgt &= Stk 183 drift BAH ol 571 off vt
precision oA = AL QI 4= Sl

Table 1. Loan Predict Experimental Results

4] feature samp.ling . nois§ R
count ratio intensity

#1.1 2 -0.6296 +0.0564
#1.2 3 0.2803 +0.0771
#1.3 4 0.3135 £0.0583
#1.4 5 -0.1628 +0.3067
#1.5 6 0.05~0.95 1.0 0.5237 £0.0736
#1.6 7 0.5345 +0.0886
#1.7 8 0.1314 +0.3974
#1.8 9 0.0556 +0.3681
#1.9 10 -0.0785 +0.5655
#1.10 0.10~0.90 0.5574 +0.0848
#1.11 0.15~0.85 0.5497 £0.0643
#1.12 7 0.20~0.80 1.0 0.5021 £0.1097
#1.13 0.25~0.75 0.4910 +0.1058
#1.14 0.30~0.70 0.4615 +0.1236
#1.15 1.5 0.5517 £0.0818
#1.16 2.0 0.5313 +0.0608
sra7 | 0| O s 05123 £0.0651
#1.18 3.0 0.4956 +0.0758
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Exp#1.10 feature count:7, sampling ratio:0.10~0.90, noise intensity:1, mean r*2:0.5574
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Fig. 3. Comparison of Actual Precision and Estimated Precision

A1¥1.10, feature_count 7, sampling_ratio 0.10~ 0.90,
noise intensity 1.09] %, R* 0.5574 +0.0848 2.2 7}
= YEbdtE & 81719 feature 5 9F 8.6%2] feature”t
&= 3l

A81.100149] AA| precision® 4 precision®] H]
A AE+= Fig. 33 £t
Fig. 3014 574 precisiond] ¢, ot Mol Azl 7k
FA9] gt Hagk 1ty F49 A elet &
%ﬂ' F74o]| AR83t feature count?] i 49 F
o] B2 I F°H, sampling ratio?t noise
intensity= feature count®f 8|3 AtjH oz T} JIFS

otk R* 0.5009] ¥ Axtojz|ut, 93t mjel o] o]
7Fee AE g1 & Qo

O
.|_4

2 4t

095
= precision
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Fig. 4. The Precision of the Model and the Sum
of Drift Statistics (for 2 features)
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2) AE7IE QAR ©7] mdl AY ZAit

a) concept drift &% 23+

importance’} =2 A9 2709 feature( MMC’,
‘Hour' )& Al®5te] KS-Test SAFY &3} precision
H| w5kt

Fig. 49014 Z+ feature] drift SAF o] Z7l6H= 2
I & o}, I8 drift A Tol $71E off "=
precisione WolAl&= A& &0 4 9ot

b) H5 4 4% 2%
Table 2. Credit Card Experiment Results

a3 feature samp.ling . noisg R2
count ratio intensity

#2.1 1 0.6564 +0.1290
#2.2 2 0.6905 +0.0201
#2.3 3 0.05~0.95 1.0 0.5929 +0.0411
#2.4 4 0.6279 £0.0202
#2.5 5 0.6339 +0.0413
#2.6 0.10~0.90 0.6931 £0.0191
#2.7 0.15~0.85 0.6985 +0.0148
#2.8 ) 0.20~0.80 10 0.7029 £0.0155
#2.9 0.25~0.75 ' 0.7149 +0.0200
#2.10 0.30~0.70 0.7169 +0.0181
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mas | 1 | 0308 T o728 200143
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