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Abstract With the rapid advancement of artificial intelligence (Al), big data, and the Internet of Things
(IoT) technologies, ethical issues related to data utilization have become increasingly prominent. In
particular, data bias has emerged as a critical issue that directly affects the fairness, reliability, and
transparency of Al systems. This study aims to identify the key factors influencing data bias from the
perspective of data ethics and to establish a foundation for the design of ethical Al systems. To achieve
this, in-depth interviews were conducted with 11 experts to derive major factors contributing to data
bias, followed by a survey of professionals in Al-related fields for empirical validation. Exploratory
factor analysis, reliability testing, and regression analysis were employed to examine the statistical
significance of the identified factors. The results of this study are expected to contribute to establishing
ethical standards for data collection and processing, improving the quality of Al training data, and
proposing design principles to prevent bias. Furthermore, the findings provide fundamental insights for

strengthening Al data governance and fostering trustworthy artificial intelligence.
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(Table 1) Current Status of Al and Data Bias by A 248 AAstgor, tEsl 245 B9
Research Area olf W §9¥ SHANEES ASIA
Category | Researcher Main Content
OECD[1] Proposing Al Ethical Principles 3.1 II_-I_E_7|- AA% EEI
UNESCOI3] |Proposing Al Ethical Principles _ _
golg] HeF S AR T T2 98| A7) o
So and Ahn |Presentation of Al Ethics Classification ] ]H o o= =e ] = H H :— © ‘—?_
5 el and Ethical Measurement Indicators = LAl 5= 0|87 A olo
Al [4,5] Model and Ethical M Ind = QIR 5L 235 JHA|AH = A3
Ethics - - o
Presentation of an Ethical Sensitivity o] EE 1E ]z’ ™) dlo A 3lo] ol ¢
Yool6] Measurement Model for Conversational Al M= AE W=AGT), dleld 24 ARl U=
B 3z} al o k=
Songl7] Presentation of Risk Factor Measurement O]E1 -‘17_1;(]- = J’]—OLX]-GEﬂ) ]—LX] J"—l—% (5:’1_ 73%40]
Indicators for Al Robots %1\35 ﬂf,‘—(ztg) % = 1111] o tch} = ;‘<_€_ ]. /g_%_ %;g
Proposal of Ethical Certification Standards o A1 A1=] o - =
Byun[8]  |and Guidelines for Data Bias, Objectivity, = AN (Table 2)2 A&7t A5 W HEE
and Faimess UeRA Aotk
—
E?sitss Junglo] Proposal of Social Response Strategies for
9 Mitigating Algorithmic Bias
Lee[10]  |Proposition of Data Management Principles (Table 2) Expert Interview Participants’ Information
for Preventing Ethical Issues
Choi and Lee [Analysis of the Impact of Data Bias on Al Area of Expertise Frequency
[12] Learning Outcomes Category 0 Al and | Public N "
Kim[13] Proposed Faimess Standards and Bias Ethics | Sector
Mitigation Methods Male 2 1 6 9 318
Jung et al[16] Identified ﬁhat Al Bias is Shaped by Social Gender Female _ 1 1 2 182
and Technical Factors
2 2 7 11 1
Park et al.[14] Presentation of Mitigation Strategies for Al Subtotal ©
o arc et &M \Model Bias 30 ~ 39 1 - - 1| 91
ata Bias
Song and Lee |Presentation of Mitigation Strategies for A 40 ~ 49 1 1 5 7 63.6
e ge
[17] Social Bias in Large Language Models Over 50 Years B ] 5 3 273
Kim[19] Presentation of Mitigation Strategies for Subtotal 2 2 7 ” 100
Bias in Natural Language Processing
Kang et al.[15] Presentation of Improvement Directions for Consultant - ! 2 s 273
9 ’ Social Bias Project Manager 1 - 2 3 27.3
Presentation of Mitigation Strategies for .| Data Analyst and _
Lee et all18] |q ol Bias in ChatGPT Qoaupation | ™ e ntist ! 2 8 |73
Professor - 1 1 2 18.1
Subtotal 2 2 7 Il 100
3 ﬁ'—l"' Ig:';l'lﬂ 5~10 1 - 2 3 27.3
1 ~20 1 1 4 6 54.5
° Experience 21 ~ 30 - - 1 1 9.1
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(Table 3) Measurement Variables by Factor

Factor Measurement Variable ngif)ele
Lack of Representativeness dabil

Source Bias dabi2

Data Accessibility Bias dabi3

Intrinsic Data Quality Bias dabid
Data Bias | Data Generation Bias dabib
Data Duplication and Distortion dabi6

Data Sparsity dabi7

Lack of Data Timeliness dabi8

Sampling Error cobil

Sampling Frame Error cobi2

Data Temporal Bias cobi3
Collection | Collection Instrument Bias cobi4
Bias Survey Response/Participation Bias cobib
Data Collection Channel Bias cobi6

Data Filtering Bias cobi7

Labeling Error pobi

Automated Labeling Bias pobi2

Data Missing Data Handling Bias pobi3
Processing | Outlier Handling Bias pobi4
Bias Data Reduction/Amplification Bias pobib
Data Selection Bias pobi6

Data Integration Bias pobi7

Reflection of Social Inequality sobi1

Cultural Centrality Bias sobi2
Linguistic/Geographic Bias sobi3

Social Bias | Group Stereotyping Bias sobi4
Economic Bias sobib

Education and Information Disparity Bias sobi6

Policy / Institutional Bias sobi7

Feature Selection Bias agbil
Class Imbalance agbi2
Algorithmic Amplification Bias aghi3
A'g%rgzmic Model Overfitting Bias agbid
Interpretation Bias agbib
Hyperparameter Bias aghi6é
Model Design Bias agbi7
Representativeness fair1
Balance fair2
Outcome Faimess fair3
Data
Faimess | Inclusiveness faird
Decision-making Fairness faird
Bias Control fair6
Ethical Standards fair7
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[Fig. 1] Research Model

(Table 4) Research Hypotheses

Category Hypothesis

Intrinsic Data Bias is hypothesized to negatively affect data

H1 )
fairess

Data collection bias is hypothesized to negatively affect

H2 data fairmess

Data processing bias is hypothesized to negatively affect

H3 data fairmess

Social bias is hypothesized to negatively affect data

H4 -
fairess

Algorithmic bias is hypothesized to negatively affect data

H5 b
fairess
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(Table 5) Demographic Characteristics of Survey

Participants
Proortion Cumulative
Category Frequency ?U/ ) Percentage
° (%)
Male 230 75.2 75.2
Gender Female 76 24.8 100
Subtotal 306 100 100
30 ~ 39 56 18.3 18.3
40 ~ 49 182 59.5 77.8
Age
Over 50 Years 68 22.2 100
Subtotal 306 100 100
Consultant 12 3.9 4.9
Project 53 173 21.2
Manager
Data Analyst
and Scientist % 8.2 294
System 17 38.2 67.6
o . Developer
CCUPALION |- Agministrative
Staft 49 16.0 83.7
Research Staff 22 7.2 90.8
Teacher 17 5.6 9.4
Professor M 3.6 100
Subtotal 306 100 100
1~5 25 8.2 8.2
6~ 10 57 18.6 26.8
1 ~ 15 72 235 50.3
16 ~ 20 95 31.0 81.4
Experience
21 ~ 25 37 12.1 93.5
26 ~ 30 16 5.2 98.7
Over 50 Years 4 1.3 100.0
Subtotal 306 100 100

A s 57| sl AFHs dubA|
O)E T

A 239 R943E A3t fal Kaiser-Meyer
-Olkin (KMO) ¥ Bartlett A%< AA|st 23} (Table
6y} 7ol KMO 2 0.9622 YEFHL, Bartlett to]
Y= 0.00000141 93t Ao& Yt gRlEA9]
Aol A=A

(Table 6) KMO and Bartlett's Test Results

Z*(Cronbach

KMO Measure of Sampling Adequacy 0.962
Chi-Square 8621.497

Bartlett's Test of Sphericity df 496

p 0.000
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{Table 7) Exploratory Factor and Reliability Analysis
Results by Type of Data Bias

i Reliabili
Variabl | Factor |Commu|Eigen- Explaine cliabflity
Factor e Name| Loading | nality | value d " -
& Variance D a
dabi2 | 0.755 | 0.750 0.899
dabi3 | 0.751 | 0.692 0.903
Intrins| dabi4 | 0.729 | 0.694 0.902
D;Cta dabil | 0.695 | 0.687 |4.788 | 14.963 |0.899 | 0.914
Bias | dabi5 | 0.648 | 0.668 0.902
dabi7 | 0.607 | 0.703 0.901
dabi6 | 0.580 | 0.694 0.902
cobi5 | 0.695 | 0.791 0.911
cobid | 0.654 | 0.777 0.910
Paw I 0.639 | 0.778 0.910
CODL1 B . .
Collec 3.892 | 12.164 0.928
tion | <ohi6 | 0.613 | 0.715 0.917
Bias
cobi3 | 0.574 | 0.750 0.919
cobil | 0.559 | 0.711 0.919
pobi2 | 0.816 | 0.844 0.900
pobil | 0.789 | 0.810 0.903
Daa b3 | 0742 | 0.791 0.899
0D, B . .
Proces P 4144 | 12.951 0.920
g}lg pobi7 | 0.570 | 0.681 0.907
1as
pobi4 | 0.560 | 0.722 0.910
pobi6 | 0551 | 0.719 0.911
sobi2 | 0.817 | 0.821 0.869
1| sobi3 | 0.759 | 0.813 0.873
Social 4059 | 12.686 0.909
1as | sobil | 0.710 | 0.700 0.911
sobi4 | 0.704 | 0.772 0.877
agbi4 | 0.689 | 0.772 0.821
Algorit| aghi2 | 0.676 | 0.745 0.820
hmic 2.880 | 9.000 0.867
Bias | agbil | 0.623 | 0.729 0.821
aghi5 | 0.582 | 0.626 0.860
fair3 | -0.746 | 0.806 0.914
faird | -0.726 | 0.784 0.917
Data
Fairne| fair2 | -0.725 | 0.791 | 4.115 | 12.860 | 0.920 | 0.932
S | fairl | -0.668 | 0.769 0.916
fair5 | -0.660 | 0.776 0.913

'D. : Alpha if Item Deleted, “a: Cronbach a
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(Table 8> Multiple Regression Analysis Results by
Type of Data Bias

Dependen . Toleran|
t Variable Independent Variable | SE B t p ce

Constant 0.099| - |57.769(0.000"

Intrinsic Data Bias |0.053 |-0.108| -2.04 | 0.042" | 0.387

Data Collection Bias | 0.062 |-0.371{-5.809 | 0.000" | 0.267

Data | Data Processing Bias | 0.060 | 0.023 | 0.404 | 0.687 | 0.337

Faimess Social Bias 0.049 | -0.326 | -6.933 | 0.000" | 0.494

Algorithmic Bias 0.058 | -0.146 | -2.551 | 0.011" | 0.333

R = 0.821, R? = 0.673, Adjusted R* = 0.668
F = 123.735, p=.000, Durbin-Watson=2.094

*p (0.05 **.p (0.0

tlole AHA #waFgle] Hloly 3783 WA= 9
2 t3o] —2.042 F95F p0.05914 BAHC R %
OJstAl UEht 7Hd Hie A= AL, dHols 3 HEF
8elo] dlojg F7g4dol pAle FFS 7ol -5.809%
95 pC0.01014 SAFCE folstA uehd 74
H2= A==k

glole A2 HaFaglo] gloly &7gdell Ulil% 3

< tho] 0.404% Ul 7Hd H3w= 71453, ARl

156 aclo] Holg FAAgo mAs FFS the] -
6.93302 {ol% p0.01914 EAH oz Folsi
el 7Hd Hé= A= glen, darels HFaslol
dlole 440l mAE P2 7ol 2.5512 |9
% p{0.05904 BAH oz FolsHA Yely 7Hd H5&
A= et & dlofe A WAL, Hole =3 HF
991, A3)A WHEFQQl Yig]E HIFQQlo] EAA &

ol slollA dlolel FAg F(-) FFE HIA=
Ao vyt

SARFL Fgkol p=0.000014 123.7359] +A&
Hol1 91, s} 4o gk R? gho] 0.673°2 67.3%
9] H9¥gL Holu 9o, Durbin-Watson Z<
2.094% 20 77k s Zhol| A7t glol 94%4
YL Ajet Aor yehgh. E3 TARHE
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(Table 9)&

A7 Hae ABT RS et ol

(Table 9> Hypothesis Testing Results

Category Hypothesis Result

Intrinsic Data Bias is hypothesized to

H1 negatively affect data faimess Accepted

Ho Data _collectlon bias is h_ypothesued to Accepted
negatively affect data faimess

H3 Data processing bias is _hypothesmed to Rejected
negatively affect data faimess

Ha Social bias \s_hypotheszed to negatively Accepted
affect data faimess

H5 Algor\_thmlc bias is hypothemzed to Accepted
negatively affect data faimess

ES 2 Aol B 244 38739 #tol 0.4

d
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ox, ot
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7l SHAET AASKATE &, F 437 =
1770 &%
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(Table 10) Measurement Variables by Factor Based
on Regression Analysis Results

Factor Measurement Variable Variable Name
Lack of Representativeness dabi1
Source Bias dabi2
Data Accessibility Bias dabi3
D';‘tta””BSi‘:S Data Quality Bias dabid
Data Generation Bias dabib
Data Duplication and Distortion dabi6
Data Sparsity dabi7
Data Sampling Error cobil
Collection | Sampling Frame Error cobi2
Bias Temporal Bias cobi3

Collection Instrument Bias cobid
Survey Response/Participation Bias cobib
Data Collection Channel Bias cobi6
Reflection of Social Inequality sobi1
Social Bias Cultural Centrality Bias sobi2
Linguistic/Geographic Bias sobi3
Group Stereotyping Bias sobi4
Feature Selection Bias agbi
Algorithmic | Class Imbalance aghi2
Bias Model Overfitting Bias agbi4
Interpretation Bias agbib
Representativeness fair1
Balance fair2
Falijr?]t:ss Outcome Faimess fair3
Inclusiveness faird
Decision—making Fairness fairb
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