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Health-AutoML: An Automatic Adaptive Multi-Layer Stacking
Ensemble Learning Framework for Analyzing Healthcare Data
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Abstract

Healthcare data is characterized by class imbalance and complex relationships between each feature in datasets,
making it challenging for a single model to adequately learn data patterns. Thus, there is an emerging need for
automated methods that enable researchers with domain knowledge in healthcare to effortlessly construct sophisticated
multi-layer stacked ensemble models. In this paper, we introduce a novel algorithm within a learning framework that
automatically constructs adaptive multi-layer stacking ensemble models tailored for healthcare data. Using three
different healthcare datasets, the models constructed with the proposed framework are compared to other AutoML
frameworks. Compared to other AutoML frameworks, the proposed method achieved an average improvement of
8.25%p in terms of AUC.
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(4) Select L models fora stacking
ensemble from 15 single models
using f1 score

Classifierc,
Classifierc,
Classifiercy

(5) Select L models fora
stacking ensemble from K single
models using Model correlation

Classifiercy
Classifier c,

Multi-layer stacking ensemble model

(6) Optimize the number of models

classifier

:
(2) Data split (3) SMOTE-NC

(7) Repeat (&) for n layers
Classifierc;_,
Classifier ¢

Train Data
data ’ Balancing

Classifiercy,
Classifiercy,
Classifier g

classifier - classifier

(8) Selecting
a metalearner

el

Meta learner

Test data

Predicted autput

—

(9) Presenting the final model

J% 1. MY ofF AHjZ gME 2 XSE ZEHA

Fig. 1. Automated process for adaptive multi-layer stacking ensemble model
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Table 1. Classification model employed in experiments

Learmning methods Models

Probability-based DA, QDA, Naive Bayes

Logistic regression, SGD

radient descent-based
G Classifier, MLP

Distance-based KNN, SVM

Decision tree, Random forest,

Tree-based AdaBoost, GBT, lightGBM,

XGBoost, Catboost
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Algorithm 1: Model selection based on performance
metrics

Input: Entire Models M, Data set X, Y, threshold
Output: Selected Models S
foreach model type m in M do
Initialization £,
fori=1tndo
Randomly split data into { X

{‘X;est’ Y;est};
Train a type-m model on X, ,ins Yirains

rain’ Y;rain }!

—_

Make prediction Y, on X,
F,, < concatenate(F1 score of a type-m

model);
end
if then
S «— concatenate(model m);
end
end
return Selected Models S;
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Algorithm 2: Model selection based on correlation

Algorithm 3: Stacking multi-layer ensemble models

Input: Selected Models S, Data set X, Y
Output: Selected Models S
foreach model type m in M do
Initialization £,
foreach model name i in S do
foreach model name j in S do
Calculate correlation between S; and S;;
if correlation > 0.7 then
if F1 score of S; > F1 score of S;
then
Remove S; from S;
end
else
Remove S; from S;
end
end
end
end

return Selected Models S;

weby ABASTE 07 olel T mde Ho}
Yol vre RES KA mdold Agd o
0% % WS B3 A3H0E A8 AL L
N Hy

B AT Akl PHoE 759

g 2~
s 2ok

LayerL;

Classifier ¢,
H

Layer Ly,_;

Classifierc;

Input
data ’

H
Classifierc,_,
Classifier ¢,

Layers with classifiers ¢, to ¢,
Each classifiers select greedy
algorithms.

Input: Selected Models S, Training set X, VY,
threshold

Qutput: best layers

for each model type m in M do
Randomly split data into {X;, ;.. ¥iruin

{Xval s Kzal };
for num = 1 to len(S) do
one_layer «<— Si:num};
Make a stacking ensemble classifier with
one_layer;
Train the stacking ensemble classifier on
{‘X;rain, Y;
if f1_score > best_f1 then
best f1 < f1_score;
best_layer < one_layer;
end
else
flag += 1;
end
if flag > threshold then
break;
end
end

X « concatenate( X, Y);

if best_layer == best_layers then
break;

end

best_layers < concatenate(best_layers,

best_layer)
end
return best_layer;

rain };

Increase the layer until it no
lenger has the same configuration
as the previous layer.

Layer Ly, Final Layer

Classifierc;

* Mata learner

Classifier ¢,

J8 2 oE 28 dHE Y XS 75 24

Fig. 2. Automated construction procedure of a multilayer stacking ensemble model
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Table 3. Body signal of smoking dataset features

Explanation
Left hearing
Right hearing

Feature
hearing_left
hearing_right

¥4 59 M S HOEHME #Ha ME| H|W
Table 4. Comparison results of feature selection on the
smoking body signals dataset

Evaluation Full feature Feature selection
Accuracy 0.7655 0.8278
Precision 0.6525 0.7673

Recall 0.7766 0.7674
F1-score 0.7092 0.7673

AUC 0.7723 0.8209
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Table 5. Heart disease health indicators dataset features

Feature Explanation
HighChol High cholesterol status
Sex Sex
AnyHealthcare Medical conditions
Veggies Vegetable intake frequency
GenHith Mental health
Age Age
HvyAlcoholConsump Frequency of drinking
Income Income levels
Smoker Smoking status
HighBP Hypertension
HeartDiseaseorAttack Heart disease status(target)

E 6 A AE AL X E HO|HME B4 ME| H|W
Table 6. Comparison results of feature selection on heart
disease health indicators dataset

smoking Smoking status(target)

eyesight left Left eye vision Evaluation Full feature Feature selection
urine_protein Urinary protein Accuracy 0.8454 0.7971
serum_creatinine Serum creatinine Precision 02397 0.2484
tartar Tartar status Recall 0.3004 0.56%
gender Gender F1-score 0.2667 0.3459
hemoglobin Hemoglobin levels AUC 0.6010 0.6998
oral Oral examination status
dental_caries Dental caries 2ol Gunl FSE Ho|EANEAE 72
eyesg;te_nght Right iéi vision 197]e] W2 = ZEWMaZ was) 287447} A
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Table 7. Korean diabetes Cohort dataset features

Feature Explanation
step1 Underlying diabetes status
Sex Sex
no_DM_test Diabetes diagnosis status
marriage Marriage status
education Education Levels
AS1_INS60 60-minute insulin
lipidrisk Lipid risk
S1_HEIGHT Height
AS1_hip Hip Circumference
homa_ir Insulin resistance levels
FHXx Family history of diabetes
MetS Metabolic Syndrome
HoAle T Glycated hemoglobin test
results
AST_ALT_TR Liver Values
Tchol Total Cholesterol
AS1_WBC Leukocyte count
corisk Abdominal obesity
TG Triglyceride levels
AS1_ALBUMIN_TR Albumin levels
glue0 OGTT 1hr Blood Glucose
giu120 OGTT 2hr Blood Glucose
CRP Inflammation levels
HbAlc Glycated hemoglobin levels
AS1_TOTPRT Total protein levels
AS1_TOTBIL Total bilirubin levels
bprisk Blood pressure risk
AS1_R GTP_TR Liver Values
Developing diabetes in the
newDM
future(target)

A% Hlu As
0.8518)2F AHE(0.6500, 0.4762)2 A| 9] 3 tjRrio
W7} A E A Feature selection= s Axpr} o
o AL B T 5 Uk
¥ 8 om0l Hixd FISE HOEME B4 ME| H|w
Table 8. Comparison results of feature selection on
Korean diabetes Cohort dataset

Evaluation Full feature Feature selection

Accuracy 0.8711 0.8518

Precision 0.6500 0.4762
Recall 0.2385 0.4762

F1-score 0.3490 0.4728
AUC 0.5719 0.7008

Al 7HA] Ho|HAIEE 53 Hlu Ad Ay I~
Alo] dolEJo| A Feature selections A3 w o
o] Hrb AZA A Aol O A vyes Ae

T A
4.3 Oversampling A&

B AFfdA e B7ES dolE TAE st
2} Oversampling 71'H¢] 3}l SMOTE-NCE ©]-&
gk skA R AAFAo0] dole el EAA HlolE =
AE D A Aol HolAAY HolH Y EAS &
gk X Aolgte 7t Aok wekA B
F3k dolEY THoHAE F JHAE o] &3
Oversampling A3 o F-of] tgt vlw AFE& X3}
3 s sk

A A oS HoHAES IR HIE
Ho|EJH Eo A SMOTE-NC A3 o 52 nlwdk 2
e £ 9, & 1034 2ok A% 28 A% A% o
oA ES] 7§ A3=(0.8506, 0.7971) £lo =E
A A A “hOI Fouth B IIJE HolHAE
o A e ARANA F2 FoS HAFIH
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Table 9. Comparison results of over sampling on heart
disease health indicators dataset

7} 7(|_E H|0|EM‘||E QH{MZz| Alg]

[=] o 2.

Yk

F 8% Zth AgE(0.8711,

Evaluation Original SMOTE-NC
Accuracy 0.8506 0.7971
Precision 0.2446 0.2484
Recall 0.2806 0.5696
F1-score 0.2613 0.3459
AUC 0.5952 0.6998
#F 10, et=¢l Y= IS E HO|HME Qu{MEE
Ay Aot

Table 10. Comparison results of over sampling on Korean
diabetes Cohort dataset

Evaluation Original SMOTE-NC
Accuracy 0.8079 0.8518
Precision 0.3450 0.4762
Recall 0.3624 0.4762
F1-score 0.3535 04728
AUC 0.6229 0.7008
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Fig. 3. Automated model for the smoking body signals dataset
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Table 11. Comparison results on the smoking body signals dataset
Model Accuracy Precision Recall F1-score AUC
T(E%T 0.8204 0.7402 0.7927 0.7655 0.8147
Pycaret
(RF, ET, XGB) 0.8176 0.7433 0.7742 0.7655 0.8147
Autogluon
(WeightedEnsermble. L2) 0.8234 0.7440 0.7934 0.7679 0.8172
Proposed model 0.8278 0.7673 0.7674 0.7673 0.8209
45 AlAfH HEA o = [|O|E{ME Z3}al, Linear SVC®} Bernoulli Naive BayesE A2l
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Fig. 4. Automated model for heart disease health indicators dataset
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Table 12. Comparison results on heart disease health indicators dataset

Model Accuracy Precision Recall F1-score AUC

e Svg,Pgeszoulli - 08712 02270 0.1565 0.1853 05507
—_— xzyéﬁrﬁghteaw 0.8674 05763 02304 03383 0.5507
(WeightAeltjjtgrglsL:eon:ble_LZ) 09078 05195 0.1463 02283 0.5662
Proposed model 0.7971 0.2484 0.5696 0.3459 0.6998
TPOT Pycaret Autogluon Proposed Method
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Fig. 5. Automated model for

Korean diabetes Cohort dataset
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Table 13. Comparison results on Korean diabetes Cohort dataset
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