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Two-steps Data Quality Assessment Methodology for
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Abstract

Data quality of data-based information technologies such as big data analysis and machine learning
directly affects the quality of the entire system. In particular, the properties of the data used to train
machine learning models change over time, causing the model to become less accurate or behave
differently than it was designed to. This phenomenon is called drift. Drift can occur for a variety of
reasons, including data collection issues or market volatility. Data drift is difficult to detect immediately
and can lead to inaccurate predictions, compromising business decisions based on it. The actions required
to manage drift will depend on the type, extent, and nature of the drift. To take appropriate action, it is
important to establish repeatable procedures for identifying drift, controlling and assessing data quality,
setting thresholds for drift rates, and configuring proactive warnings. In this paper, we propose a
two-step data quality assessment framework that can manage drift problems that occur in machine
learning projects through data quality assessment indicators. In addition, evaluation indices and evaluation
procedures according to drift type for drift detection are also defined.
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(1) DQM Selection (Data Quality Metric) :
G_DQM & D-DQM
(2) One-Step: G-DQA
(3) Two-Step: D-DQA
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DQM(Data Quality Metrics) Selection:
“'G-DQM & *3D-DQM

“UG-DQM: Goal-driven Data Quality Metrics
“3D-DQM: Drift-driven Data Quality Metrics
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3.1.2 D-DQM (Drift—Driven Data Quality
Metric)
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Table 2. Metrics by drift type

Concept Drift(CD):

Concept Drift-DQM - Accuracy
Data Drift(DD): - Consistency
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# 3. One-Step G-DQA &12|&
Table 3. One-Step G-DQA algorithm

Algorithm G-DQA(i, G— DQM,, Baseline;) :
//i: number of quality metrics

// G— DQM;: metric expression

// Baseline;: threshold value

for each G—DQM, where 1 <i<n do
A; < calculated G—DQM, value
if A, > Baseline; then
print “No Satisfaction”
Raw Data Collecting
endif
endfor

if 1* Data set or After Drift then
Training ML Model
else
Data Analysis using ML Model
endif
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E 4. Two-Step D-DQA &12|&
Table 4. Two—Step D-DQA algorithm

Algorithm D-DQA(:i, DT)) :

//i € (Ace, Con, Cmp) : drift metrics
//Acc : Accuracy, Con : Consistency,
//Cmp : Completeness

// i, * metric value for n-th data set
//DT;: threshold value for each 4

if (Acc, ~Acc,) > £DT,, then
print “Concept Drift”
Selection of G-DQM
else if (Con,_,-Con,) > + DT, or
(Cmp, _,~Cmp,) > + DT, then
print “Data Drift”
Training ML Model in 1-Step G-DQA
endif
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