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Abstract In this study, the dissolution of the finished product was predicted using only the physical and
chemical experimental results of the raw material by machine learning for an anti-tuberculosis drug
capsule. The method used was to derive important factors for elimination using regression analysis in
the pharmaceutical field QbD (Quality by Design) and then to derive learning and prediction results
using machine learning techniques to compare and analyze them with actual values. First, the
correlation between variables was confirmed by quantitatively connecting dissolution as an input
condition with the tested data. After determining the importance of variables through regression
analysis, variables with strong effects on drug dissolution were derived according to their importance.
Next, it was compared with the results of a machine learning algorithm that has undergone an
optimization process through 500 iterations. The data used utilized 512 data points among lot data
recorded during the years of pharmaceutical production. Through the regression analysis method, 18
important raw material quality characteristics were input. Correlation analysis revealed 10 factors that
did not affect the prediction and were excluded. The prediction accuracy of 95% for the dissolution rate
was derived as a result of prediction through machine learning, which can be used practically in the
field. Drug production and better patient treatment can be accomplished in less time and at a lower cost
during initial development if the dissolution of the finished product can be predicted using only the raw
material quality characteristics.
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Table 1. Input data of materials attributes for analysis

Name Stage Material attributes

Residue on ignition, Loss on drying,
Unknown related substances, Specific
optical rotation, API contents, Total
impurity, pH, condensation product[USP],
condensation product[IP], Contents[CA],
Loss on ignition[KP], Magnesium content,
Water-soluble substances[KP], Acid-soluble
substances, Acidity, Calcium, Water-soluble
substances[USP], Loss on ignition[USP]
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Table 2. Hyper Parameter Optimization Range and
Optimized Values by Each Algorithm

XA S Bl §EE HHd
uiZ walggo] 283 5 AL Z
HAY S97F A Z Afolsto]
A = ok mEA B Atoa
3171 93l Eq. (1) 53] dlolg
et

c—-(¢

m

+ W, x D)—(

— W, % D)
Coin + W, X D)

min

in

M= @ )

Eq. (DoA, M A3} 7, C= A58} st ok
%, Cmax® Cmine 7+ QA9 o &gk, D=
Cmax¥ Cmin9] #tolgt, WnlAk= A3t /98 =
Adl= QAL S017HA "t derEel Ats} Hel=
0 ~ 1Ato1e] MR A3t HAT, HAl2dE A3 H
olf A3t XY Al 0~19] HYHETt FHaste] 1P

AT F 8 U2 27 452 7HE & Are A% o

533

Hyper

Algorithm Parameter

Range Optimized Values

Number of

Neighbor 1~ 206

16

Cityblock,
Chebychev,
Correlation,

Cosine,
Euclidean,
Hamming,

Jaccard,
Mahalanobis,
Minkowski,
Seuclidean,
Spearman
Equal, Inverse,
Squared Inverse

Measuring

. Correlation
Distance

kNN

Distance Weight Squared Inverse

Data
Standardization True, False False
Bagging,
Ensemble Ada Boost, Ada Boost
Method
Rus Boost
Number
Ensemble | of Learners 10 ~ 500 329
Learning Rate 0.001 ~ 1 0.1932
Number of
Predictors 1 ~ 411 60
to Sample
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Table 3. Abbreviations for Each Variable in Study

Predictor Name

Residue on ignition

Loss on drying
Unknown related substances
Specific optical rotation
API contents

Total impurity
pH
Condensation Product[USP]
Contests[CA]
Condensation Product[IP]
Loss on ignition
Manesium content
Water-soluble substances[KP]
Acid-soluble substances
Acidity
Calcium
Loss on ignition[1]
Water-soluble substances[USP]
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Fig. 1. Pareto chart used to obtain the significant
factors that affect the API Dissolution
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Table 4. Comparison of Accuracy by Analysis Method

Method Accuracy (%)
Regression Without Tolerance -
Analysis With Tolerance 64
kNN Without Tolerance 88
Algorithm With Tolerance 93
Ensemble Without Tolerance 88
Algorithm With Tolerance 95
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