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A Data-centric Drift Management Methodology based on Data
Quality Assessment in Machine Learning System
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Abstract

Machine learning (ML) systems often suffer from degradation in prediction accuracy and reliability due
to data drift that occurs over time. Conventional approaches primarily focus on restoring performance
through model retraining; however, it is essential to recognize that the root cause of drift lies in the data
itself. In this study, we propose the Q-DcDM framework, which integrates data requirement&#8211;driven
quality assessment with drift analysis to proactively manage drift before the model training and inference
stages. The proposed framework enables early detection of potential drift in the initial phase of the ML
lifecycle, thereby preventing performance degradation. Experimental results on the UCI Wine Quality and
CIFAR-10 datasets demonstrate that the proposed approach improves average model performance by
14.8% and 12.3%, respectively, while also significantly reducing the frequency of model retraining.
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< Q-DcDM Framework >
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Fig. 1. Q-DcDM Framework
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Table 1. Quality Metrics and Thresholds
(Structured Data)

Metrics Formula Threshold
Accuracy acc = 1 — Nbe / Total S 098
(acc) ((Nbe: No. of error values)) 7
Completeness| com =1 — Nbl / Total —
(com) (Nbl: No. of missing values) [ — ™
Consistency cons = Ncon/ Total = 097
(cons) (Ncon: No. of consistent vals)l  — ™
Redundancy red =1 — Nbd / Total -0
(red) (Nbd: No. of duplicates) T
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Table 2. Quality Metrics and Thresholds
(Unstructured Data)

Dat . ..
T;pz:: Metrics Description Threshold
Readability IAssesses ) > 60 o
Score sentence clarity readability
land grammar score
Text Consistent > 5%
Language language use go ns fs tent
Consistency [across
. tokens
[documents
Resolution  [Lxel density feation® 224x224
Quality rneet_s app 1calt10r1pixelS
requirement
IMeasured using SSIM. > 0.90

Image  Clarity/Blur SSIM  or Laplacianor LapVar >

peore ariance 100
Redundancy [Duplicate image < 5%
Detection detection duplicates
Signal-to-  |Quantifies audio SNR > 20
Noise Ratio [clarity vs noise dB
. Consistent
Duration duration across [1s - 10s]
Audio  |Validity - )
samples
[Transcription ASR . = 9%
A transcription WER-based
ccuracy . .
lconfidence lconfidence
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Table 3. Threshold Violation Rate and Judgement

Violation Rate Judgement
< 10% Keep
> 30% Discard
10% ~ 30% Cleansing
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4. Case Study
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Table 4. Q-DcDM Pseudocode

Algorithm: Q-DcDM Framework

Input:
D_base: original training dataset (baseline)
D_ops: operational datasets {opl, op2, -, opN}
DQM: set of data quality metrics {DQM1, DQM2,...,
DQMn}
T_quality: quality thresholds
T_violation: violation-rate thresholds (Keep, Cleansing,
Discard)
ML_Model: deployed ML model
Output:
FinalDecision, ML_Model

Define quality metrics according to DomainInfo
Initialize FinalDecision < &

For each dataset D_op in D_ops do
For each metric m in DQM do
qlm] < ComputeQualityMetric(D_op, m)
v[m] < CheckThresholdViolation(g[ml,
T_quality[m])
End For
violation_rate < AggregateViolationRate(v)

if violation_rate < T_violation.keep then
decision < "Keep”
D_candidate < D_op

else if T_violation.keep < violation_rate <

T_violation.discard then

decision < "Cleansing”
D_candidate < CleanseDataset(D_op)
RecomputeQualityMetrics()

else
decision < "Discard”
FinalDecision[D_op] < decision
RequestNewDataset()

end if

detector <— D2MR_Recommend(D_candidate,
DomainInfo)

drift_score <= ComputeDrift(D_base, D_candidate,
detector)

if DriftDetected(drift_score) then
ML_Model < Retrain(ML_Model, D_candidate)
action < "Retrain”

else
action < "Prediction”

end if

FinalDecision[D_op] < action
End For

return FinalDecision, ML_Model
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4.2.1 UCI Wine Quality Dataset

1) Wine £ dlolg Al AA

Winetllo]E Alell o]z o]z ¥ AZFX
T 59 WIS =3 10719 &4 dHoly Al

(opl_Wine“opl0_Wine)S ¥4 o=z AAdsic),

2) $4 2T 443 37
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@
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87ksstar olel delEl Alopl Wine,  s)e pvalueZt 0.05 mollﬂ cexE iy
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olE]  Al(op2_Wine, op3_Wine, op4_ Wine, .
opl0_Wine)> =@l 3slro] HAFsinz &g
dolg Al AT H71F Hold AL ALE ..
o A SYrE A gEe] =1 BY Hd5s Zj
Al A7) Q9lo] ) 03
0.2 0.15
01 No Drift
E 5. Wine dio|gf: &2 "7} ° Drift

opl-1_Wine op5-1_Wine op6_Wine op7-1_Wine op8-1_Wine op9-1_Wine

Table 5. Wine Data: Quality Assessment
a3 2. Wine: Q-DcDM 7|gF EE|=ZE &4

Dataset | VIO8HOR | 5 ggemeny | Dataset after Fig. 2. Wine: Q-DcDM-based Drift Analysis
Rate Cleansing

opl_Wine 12% Cleansing op1-1_Wine

op2_Wine 20% Discard

op3_Wine 20% Discard F4 Gt A GA ks B FAE Ho]

op4_Wine 24% Discard H AE2 dFs = ZE A 75l §le

op5_Wine 7% Cleansing op5—1_Wine Aoz oldr ey AAW do]E Al o

op6_Wine 4% Keep .

op7_Wine 10% Cleansing op7—1_Wine A ODB_I_WmeJ_L} op8-1_Wine HioTs A =)

op8_Wine 13% Cleansing op8—-1_Wine ZE U JbeAdS st itk ol¥l HolH

op9_Wine 6% Cleansing | op9-1_Wine o A4+ S ZE A 8Rlo] FAlE o] 17

op10_Wine 25% Discard “HT'U:oﬂ ML 2d< Zﬂfil'—{_jlt:sl—q
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< KS-Test p-values across Wine operational datasets >
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045
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035
0.3

0.45
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0.15
0.1

No Drift

0.03 v.032 0015

0.001 (] 0.001  0.005  0.001 Drift
0 0.001  0.001 0.002 —_

@ \@*‘0 §é‘°‘ /$

2l 3 Wine: Q-DcDM8l= EEZIZE &4
Fig. 3. Wine: Drift Analysis without Q-DcDM
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