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Interpretable multitask learning-based model reveals key features and

predictive modelling of joint complications in diabetes mellitus

Wang Zhixuan, LLuo Dongmei’

(School of Microelectronics and Data Science , Anhui University of Technology ,Maanshan, 243002, China)

Abstract: Complications of diabetes mellitus are important factors in patient mortality, and revealing their key features can
effectively help physicians develop targeted intervention strategies to reduce the risk of death in comorbid conditions.
However, most previous studies have focused on identifying risk factors for a single complication of diabetes, ignoring
potential associations between complications. Therefore, based on the Diabetes Complications Early Warning Dataset
provided by the National Population Health Sciences Data Centre, we used Pearson’s correlation coefficient and the chi-
square test to screen out significantly associated diabetic complications and incorporated them into a multi-task learning model
for joint modeling. Then the importance of each feature was assessed using SHAP (SHapley Additive exPlanations), and 11
features with SHAP values higher than the 75% quartile were screened as significant risk factors for diabetes co-morbidities.

A predictive model for diabetes -related complications was constructed using random forest, logistic regression, gradient
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boosting, extreme gradient boosting, adaptive boosting, and categorical feature gradient boosting. Input variables comprised

%62 %

features with SHAP values exceeding the 25"

percentile. Optimal parameter combinations were selected via grid search, with
model predictive performance evaluated using metrics including accuracy, precision, F'1-score, and AUC. Results indicated
that features selected through the interpretable multi-task learning model constituted key predictors, with all six predictive
models achieving AUC values approaching 0.90. Finally, LIME (Local Interpretable Model - Agnostic Explanations) was
introduced to interpret the model outcomes, thereby further validating the effectiveness and reliability of the constructed
interpretable multi - task learning model for screening key features. The interpretable multi - task learning model

comprehensively accounts for the underlying relationships between complications, enabling the precise identification of key

risk factors for concurrent diabetic complications. This assists clinicians in formulating targeted intervention strategies,

thereby helping to reduce patient mortality attributable to complications.
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Fig.4 Analysis of the importance of DR (left) and NEPHROPATHY (right) characteristics
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Table 1 Optimal parameters for each model
F a8 ZH e f A 2R 1H
max_depth 9 colsample_bytree 0.8
max _features log2 learning _rate 0.1
RF XGBoost

min_samples_split 5 max_depth 3

n_estimators 125 n_estimators 75
C 1 learning _rate 0.1

LR penalty L1 GB max_depth 3
solver liblinear n_estimators 50

learning _rate 0.1 depth 3

AdaBoost

n_estimators 200 CatBoost learning _rate 0.1
n_estimators 150

F2 AMEHTNEERITHER

Table 2 Evaluation for the predictive performance of

six models
LY iR K2 Fl-score AUC
RF 0.84 0.85 0.70 0.90
XGBoost 0. 86 0.84 0.75 0.92
LR 0.84 0.80 0.71 0.89
GB 0.85 0.85 0.73 0.91
AdaBoost 0.85 0. 86 0.72 0.92
CatBoost 0. 86 0. 86 0.75 0.92

BRI L AR T , HoAA o = B iRk
It 4, CatBoost, XGBoost 1 AdaBoost 15 &I 1
AUCIKEE] 0. 92, Jy i 43 A5 Y v 5 &y, T LR A5 784
1 AUC T A%, AR 0. 89, 3 — 45 1 B 3 = Fifp 455 751
TEAY e S R EMN T LRECR . 25 b Jr g4 1F
A5 T X WMAE 55 W S B RIE T T
SHAP 454 MLP-MTL 5 8 i 47 DR S8 51 5
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Fig. 6 ROC curves of each model evaluated on the test

set
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Fig.7 Single-sample analysis of the Top15 important features of each model by LIME

R T iE— A R sk S G O RRE 1Y) AR
HE AW ET DT 22 EAIN 2T
% 2 SRR (MLP-MTL) , 3 78 Yl 21 58 WU I H
SHAP AJ fiff Fg M 42 AR X5 56 B XURS: PR 2% 447 HE e Fn
vk . 455 %R, BP_HIGH,HYPERTENSION,
CHD, LEADDP, HEMATONOSIS, ENDO-
CRINE _DISEASE,SUA,HB,PCV,TP,ALB 4
FEAE7E DR 5 NEPHROPATHY v H A7 & % %
M), X — & BH 5 BE £ A9 BIF 98 45 3 — 300 meab,
W % B 46 5 (BP_HIGH) | Il 3% JR R (SUA) M
At P 3 00 5 i 45 PR 3R R B R E A 40 A v
HE 2% ST, B2 7R HAT Be R0 e L I RS AR 5
g L AF 1) T o AU R 2%

SRy T TE T Y A O B XU R 2R A Rt

3 it

SRR Bk 2D O AR T 22 Bl b 25, B
PR B T AT R 450 T3 R 3 ) T T ) i
AR BRI A B SR H AT
BN 22—, DO PR B A B R A T
X4 JOF RAE M T

VATEWE ST 22 4 b T W8 DR AR B 5 51— JF R
F8 XU DR 3R A, 7 20 W AN [ O 2 i 22 [ ] g
FEAE B TE SCHK . Oy 1 A T b 25 I R AE 22 (1]
AR B OC 2 A BF 58 18 S R AT W TR I K i 18] 1Y
RO . B, R PCC i gk i B A
HSCAE B I A e 5, IR R 7 A I U B A
Guitea B MRS I RIEA A



- 294 - B RF 2B (A RE)

%62 %

BT 5K SHAP B @& T 2594 43 i %00 7 fiF 40
AN B AL a5 ) Bk (AL 45 B L AR AR L Lo~
gistic | H . GBM . CatBoost, AdaBoost, XG-
Boost) ¥ & (% 15 & I % AE Bl I A A0 o ST 3R
Y, #5155 00 1 e B R i 00 PR e, Ho DA
Catboost # #1 £ B & I (Accuracy=0.86,
Precision=0.86, Fl-score = 0.75, AUC =0.92).
W5 R W], CatBoost 7£ 43 28 1 MU AT 55 o AL T At
BLES 24 20 D5 ik RS 25 R S 1 — 8. b A
W5 3 % Y J) 358 1 i BB R LIME 455 Bk Y
FSFIHIL g 7 > AR R S B — R 3 B RRAE A b, R
R85 U0 0 OGS KURS: IR R B — B0k
— 25 I UE T PR XU PR 2R A T SRR A B

ABIF5ETE 75 FENE PRI I K e 8] 7 78 O HK 1Y) K&
fifh I, $2 H—Fhts SHAP 5 MLP-MTL 574 4 45
BT ROR I T BRA I R Y XU P
R ZEA BT BE AN AT BE A BRSO RIE Y
W BRI S5 35 SR B 20000 A8 B 900 ) 1 i A A R
HRIFETIAR AN, T O B A OCHERRAE L 45 5
BIL % 27 > S 1 Ay A A9 36K 5 O A oRE 90 00 85 1, g 5
X R g N HE v AR 156 5 0 & E FR A 0 PR R
Bl ABABESEAAF A — S R PRV . | e, i T U
TR A S R KT A /0 T AR AU 48 32 5 vy A R
P )2 BE 802, 1T BE JC VA 38 70 4 £ I A R AIE 7Y 52 2%
KF s HIK, 2 PR T 84 46 v I A& E 28 AL ) £ i
R £ T DR OB B 4L I B0 42 ) Al NEPHRO-
PATHY (B 5 ) 1Y 4 5] OC 8 Re ik 53 AT

Zi b AW SE 51 A SHAP 5 MLP-MTL
BEARYFA 25 G 0 T v 7R TR B & I & H 28 )UK
PR 7 RS T RAFROCR |, O B2 AR 4 AR 0 DL
JE EE X T TSR W, A B T b B R O R
BFE T . WIS BUR AL 5 1A I I KU
IR 28 A U 2505, 3 36 BH 45 & L =4 > 1) 10 5
T TEM PR 3R G O S0 A L0 0 A b B RAF Y
I P S, I 2 A ) H Al A 35 O 20 AT 5 4R
TR

S Lk

[1] American Diabetes Association. Diagnosis and
classification of diabetes mellitus. Diabetes Care,

2014, 37(Suppl 1): S81—S90.

[2]

[4]

[6]

[7]

[8]

[10]

[11]

[12]

[13]

Sheetz M J, King G L. Molecular understanding of

hyperglycemia's  adverse effects for diabetic
complications. JAMA ,2002,288(20):2579 — 2588.
Milanovi¢c M, Milosevic N, Mili¢ N, et al. Food
contaminants and potential risk of diabetes
development: A narrative review. World Journal of
Diabetes,2023,14(6): 705—723.

Tan K R, Seng JJ B,Kwan Y H, et al. Evaluation of
machine learning methods developed for prediction of
diabetes complications: A systematic review. Journal
of Diabetes Science and Technology, 2023, 17(2):
474—489.

Xie Z D, Nikolayeva O, Luo J B, et al. Building risk
prediction models for type 2 diabetes using machine
learning techniques. Preventing Chronic Disease,
2019,16:E130.

Schallmoser S, Zueger T, Kraus M, et al. Machine
learning for predicting micro - and macrovascular
complications in individuals with prediabetes or
diabetes: Retrospective cohort study. Journal of
Medical Internet Research,2023,25:e42181.

CuiM Z,Gang X K,Gao F, et al. Risk assessment of
sarcopenia in patients with type 2 diabetes mellitus
using data mining methods. Frontiers in Endo -
crinology, 2020,11:123.

L1 W Y,Song Y N, Chen K, et al. Predictive model
and risk analysis for diabetic retinopathy using
machine learning: A retrospective cohort study in
China. BMJ Open,2021,11(11):e050989.

Lian X Y, Qi J Z, Yuan M Q, et al. Study on risk
factors of diabetic peripheral neuropathy and
establishment of a prediction model by machine
learning. BMC Medical Informatics and Decision
Making, 2023,23(1): 146.

Emmanuel T, Maupong T, Mpoeleng D, et al. A
survey on missing data in machine learning. Journal
of Big Data, 2021, 8(1): 140.

Zhang S C. Nearest neighbor selection for iteratively
kNN imputation. Journal of Systems and Software,
2012,85(11):2541—2552.

Troyanskaya O, Cantor M, Sherlock G, et al.
Missing DNA
microarrays. Bioinformatics, 2001, 17(6):520—525.
Schober P, Mascha E J, Vetter T R. Statistics from

A (agreement) to Z (z score): A guide to interpreting

value estimation methods for



o524

FRHT, B A AMg T AT iR 2 AT 55 2 ST B i B R B 5 S i B4 O B R AT B TN A A

295 -

[14]

[(19]

[20]

[21]

[22]

[23]

common measures of association, agreement,
diagnostic accuracy, effect size, heterogeneity, and
reliability in medical research. Anesthesia and
Analgesia, 2021,133(6):1633—1641.

Schober P, Boer C, Schwarte L. A. Correlation

coefficients: Appropriate and
Anesthesia and Analgesia, 2018,126(5):1763—1768.
Ugoni A, Walker B F. The Chi square test: An
introduction.COMSIG Review, 1995,4(3):61—64.

Jiang 1. K, Jiang C Z, Yu X Y, et al. DeepTTA: A

use interpretation.

transformer -based model for predicting cancer drug
response. Briefings in Bioinformatics, 2022, 23(3):
bbac100.
DeGroat W, Abdelhalim H, Patel K, et al.
Discovering biomarkers associated and predicting
cardiovascular disease with high accuracy using a
novel nexus of machine learning techniques for
precision medicine. Scientific Reports,2024,14(1): 1.
Sun T X, Shao Y F, Li X N, et al. Learning sparse
sharing architectures for multiple tasks//Proceedings
of the AAAI Conference on Artificial Intelligence.
Menlo Park,CA,USA:AAAI,2020:8936—8943.
Klingner M, Fingscheidt T. Online performance
prediction of perception DNNs by multi-task learning
with depth estimation. IEEE Transactions on
Intelligent Transportation Systems, 2021, 22(7):
4670—4683.

Ruby U, Yendapalli V. Binary cross entropy with
deep learning technique for image classification.
International  Journal of Advanced Trends in
Computer Science and Engineering, 2020, 9(10):
9603—9608.

Mao A Q,Mohri M, Zhong Y T. Cross-entropy loss
functions: Theoretical analysis and applications//
Proceedings of the 40" International Conference on
Machine Learning. New York, NY, USA: PMLR,
2023:23803—23828.

Hurtik P, Tomasiello S, Hula J, et al. Binary cross-
entropy with dynamical clipping. Neural Computing
and Applications,2022,34(14):12029—12041.
Werbos P J. Backpropagation through time: What it
does and how to do it. Proceedings of the IEEE,
1990, 78(10): 1550 — 1560.

Wright L. G, Onodera T, Stein M M, et al. Deep

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

[37]

physical neural networks trained with backpro -
pagation. Nature, 2022,601(7894):549—555.

Bock S, Goppold J, Weil M. An improvement of the
convergence proof of the ADAM -optimizer. 2018,
arXiv:1804.10587.

Kingma D P, Ba J. Adam: A method for stochastic
optimization. 2017, arXiv:1412.6980.

Lundberg S M, Lee S 1. A unified approach to
interpreting model predictions. Advances in Neural
Information Processing Systems, 2017, 30: 4765—
4774.

BT 50 BT LR 2] A SHAP B3k (19 74 3¢
0 - ity £ 5 R K T A R R A T M SR E R
2025,44(1):321—331.

AR BT LA 2 2 BB IR T K SHAP $74iE
Srpr . B RETH AL AT, 2023, 13(1): 153 — 157.
Lee A, Taylor P, Kalpathy-Cramer J, et al. Machine
learning has arrived!. Ophthalmology, 2017, 124(12):
1726 —1728.

Polyzotis N, Zinkevich M, Roy S, et al. Data
validation for machine learning. Proceedings of
Machine Learning and Systems,2019,1:334—347.
Lee S, Mohr N M, Street W N, et al. Machine
learning in relation to emergency medicine clinical

and operational scenarios: An overview. Western

Journal of Emergency Medicine, 2019, 20(2):
219—227.
Wiens J, Shenoy E S. Machine learning for

healthcare : On the verge of a major shift in healthcare
epidemiology. Clinical Infectious Diseases, 2018, 66
(1):149—153.

Schonlau M, Zou R Y. The random forest algorithm
for statistical learning. The Stata Journa, 2020, 20(1):
3—29.

Li W, Yin Y B, Quan X W, et al. Gene expression
value prediction based on XGBoost

Frontiers in Genetics,2019,10:1077.

algorithm.

Schober P, Vetter T R. Logistic regression in
medical research. Anesthesia and Analgesia, 2021,
132(2):365—366.

Konstantinov A V, Utkin L V. Interpretable machine
learning with an ensemble of gradient boosting
machines. Knowledge - Based Systems, 2021, 222:
106993.



296 M A RFEF (A RFEE) i 62 3
[38] Ochs R A, Goldin J G, Abtin F, et al. Automated methods: SHAP and LIME. Advanced Intelligent

[42]

[43]

classification of lung bronchovascular anatomy in CT
using AdaBoost. Medical Image Analysis, 2007, 11
(3):315—324.

Hancock J T, Khoshgoftaar T M. CatBoost for big
data: An interdisciplinary review. Journal of Big
Data, 2020,7(1):94.

R, A BT A T S R AR A T A
RIREFE . BdE o i S IR & B, 2021, 5(8): 86— 99.
Ribeiro M T, Singh S, Guestrin C. “Why should T
trust you?” : Explaining the predictions of any
classifier// Proceedings of the 22" ACM SIGKDD
International Conference on Knowledge Discovery
and Data Mining. New York, NY, USA: Association
for Computing Machinery,2016:1135—1144.

Alabi R O, Elmusrati M, Leivo I, et al. Machine
learning
survival using LIME and SHAP. Scientific Reports,
2023,13(1):8984.

Salih A M, Raisi-Estabragh Z, Galazzo 1 B, et al. A

explainability in nasopharyngeal cancer

perspective on explainable artificial intelligence

[44]

[46]

Systems, 2025, 7(1):2400304.

Kong M J, Xie K, LU M H,et al. Anti-inflammatory
phytochemicals for the treatment of diabetes and its
complications: Lessons learned and future promise.
Biomedicine & Pharmacotherapy,2021,133:110975.
Wang G, Ouyang J, Li S, et al. The analysis of risk
factors for diabetic nephropathy progression and the
construction of a prognostic database for chronic
kidney diseases. Journal of Translational Medicine,
2019,17(1): 264.

KRGS, iR, AR, A BT LG o X Sk R
b DR AR T JI5E g 78 Y DRI, TR 3K e 7 R 2 g o
1%, 2021,42(9):906 — 912, 992.

Ibrahim A A, Ridwan R L., Muhammed M M, et al.
Comparison of the CatBoost classifier with other
machine learning methods. International Journal of
Advanced Computer Science and Applications, 2020,
11(11):738—748.

(BUALZME BT ag)



