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Abstract

Background Diabetes mellitus (DM) increases the risk complications in addition to mortality. Quantifying the risk of com-
plications using artificial intelligence could be a way to design comprehensive patient healthcare programs.

Objective Predicting the probability of macro and microvascular complications in patients with DM through Machine
Learning

Methods Retrospective cohort study. Based on an outpatient follow-up program for diabetic patients, 64,081 records and 287
variables were identified, with highly unbalanced data. Predictive models for chronic kidney disease (CKD), lower extremity
amputation (LEA), coronary heart disease (CHD), and early mortality (MOR) were developed. An exhaustive computational
method was conducted to find the best combination between machine learning (ML) algorithms and sampling method.
Results The best model was determined by assessing its performance through the heuristics obtained from a comprehensive
analysis of the accuracy and F1 values for ML, sampling, and dataset. Regarding each complication, 99.9% accuracy was
obtained for LEA, 94.3% for CHD, 97.4% for MOR, and 98.8% for CKD. F1 was assessed to identify false positives, with
84.5% for CKD, 63.6% for MOR, 46.2% for LEA, and 44.8% for CHD.

Conclusions This ML model can be applied to predict CHD, CKD, and MOR. The success of ML predictions lies in the clini-
cal definition of initial variables and their simplification for obtaining variables based on which the algorithms can identify
patients that are likely to develop a complication. For clinical application of this system, it is necessary to assess the cross
performance of metrics, as found here (accuracy higher 95% and F1-Score higher than 80%).
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disorder with high medical costs owing to its associated
therapeutic implications, labor disability, acute and chronic
complications, and early mortality. Poorly controlled DM
increases the incidence of long-term complications, such as
retinopathy, kidney disease, peripheral neuropathy, coronary
heart disease (CHD), and peripheral vascular disease, all of
which have a negative impact on patients, their families, and
the society [1]. Around 12% of medical expenses worldwide
are associated with treatment of patients with DM and asso-
ciated complications [2]. Additionally, it has been reported
that 366 million people will have DM by 2030, making com-
plication predictions of this disease essential for preventing
its health consequences [3, 4].



International Journal of Diabetes in Developing Countries (July-September 2024) 44(3):528-538 529

Statistical models have traditionally been developed for
estimating the probability of macro (CHD and peripheral vas-
cular disease) and microvascular complications (retinopathy,
kidney disease, and peripheral neuropathy) mainly in popula-
tions other than Hispanics living in high-income countries.
Thus, in a Japanese population, 5-year predictive models
showed high performance for CHD, mortality, and kidney
disease (C-statistic of 0.725, 0.696, and 0.767, respectively),
but a moderate performance for stroke and retinopathy evolu-
tion (C-statistic of 0.636 and 0.614, respectively) [5, 6]. These
predictive models have not been validated for Latin American
populations nor developed based on real-world data.

The application of machine learning (ML) and data
mining to DM research is an imperative and innovative
approach, as it enables optimal analysis of large volumes
of available data, especially data collected during standard
clinical care on patients (diagnosis, tests, samples, biomedi-
cal data, etc.) for gathering knowledge and support clinical
treatment decision aimed at decreasing the possibility of
future complications [7-9]. The MOSAIC project used this
strategy to input data (random forest — RF) and balance
working bases support vector machine (SVM) for obtain-
ing a 3-, 5-, and 7-year prediction of retinopathy, kidney
disease, and peripheral neuropathy disease development
through logistic regression [10].

This article aims to generate knowledge based on bio-
logical data of patients with DM for predicting the prob-
ability of macro and microvascular complications through
ML, a complementary tool capable of providing physicians
with objective and timely information so that they can treat
patients with DM according to their necessities and, even-
tually, improve the quality of life of patients, their families,
and the society.

Materials and methods
Study Design

From an epidemiological perspective, this study employed a
retrospective cohort design using data collected from patients
enrolled in the “Chronic Diseases Healthcare Program’ man-
aged by a Colombian private health insurance company over
a 5-year period between 2013 and 2018. All patients who
have confirmed DM diagnosis and were admitted to the pro-
gram in 2013 were included in this study and were followed
up to 2018 in order to identify outcomes of interest.

Data sources
Data sources included were Electronic Health Records (Dia-

betes Registry and Ambulatory Consultation records), Busi-
ness Intelligence—BI (Drugs and Procedures) systems, and

high-cost disease (known as Cuenta de Alto Costo) registry
issued to national health ministry annually.

Outcomes

Outcomes of interest were chronic complications in patients
with DM, specifically:

e Lower extremity amputation (LEA) was defined as any
surgical proceedings performed to amputate an extrem-
ity in patients with a history of peripheral artery disease,
nerve disease, or diabetic foot ulcer

e Chronic kidney disease (CKD) was defined as the pres-
ence of albuminuria, low glomerular filtration, or other
signs of kidney damage according to the KDIGO guide-
lines [11].

e Coronary heart disease (CHD), defined as a history of
CHD as per clinical records (ICD-10) or surgical pro-
ceedings (coronary bypass or stent placement due to
coronary artery blockage)

e Mortality (MOR), defined as any cause specified in the
death certificates

Predictors

A literature review was performed in order to identify the
ideal set of variables (predictors) for each model. In general,
predictors considered were data related to sociodemographic
(sex, age, date of admission to the program, and city of resi-
dence), clinical (tobacco use, medical and surgical history,
physical examination data, and prescription and/or use of
antihypertensive drugs, NSAIDs, oral hypoglycemic drugs,
and/or insulin), and laboratory (levels of glycemia, creati-
nine, albumin, albuminuria, creatinuria, lipids, hemoglobin,
glycosylated hemoglobin (HbA1c), glomerular filtration rate
(GFR), parathormone, and phosphorus) information. Mini-
mal and ideal set of predictors for each model (LEA, CKD,
CHD, MOR) is presented in Supplementary Information
(Table S1). These predictors were derived from the literature
review and were deemed most appropriate for each specific
model.

Sample size

All patients from a private healthcare insurer network that
met the eligibility criteria during 2013 and 2018 and had
updated information were included.

Machine learning

For ML analysis, an incremental iterative method was

applied, which was adapted based on the guidelines for
predictive data mining in clinical medicine, derived from

@ Springer



530 International Journal of Diabetes in Developing Countries (July-September 2024) 44(3):528-538

CRISP Data Mining Methodology Extension for Medical
Domain [12], and was structured into four steps: data prepa-
ration, data preprocessing, training, and validation (Supple-
mentary information, Fig. S1).

Data preparation

Original records were organized in a semi-structured man-
ner (Supplementary information, Table S2), and there was
a wide heterogeneity among patients. For each patient, vari-
ables of interest were reported annually, ranging from unre-
ported (no data) to up to 20 annual reports per patient, with
an irregular time pattern. Included variables were selected
based on scientific evidence and/or medical literature show-
ing a correlation between the reports and the predicted
complication.

Condensation of repeated-measure variables was used
to consolidate multiple data collection procedures, such as
blood pressure or laboratory data (Cholesterol or HbAlc),
into one. For doing this, two summarization methods were
applied: absolute variation of repeated measures (AVRM)
and coefficient of variation (CV) calculation. Data impu-
tation was developed by estimating the average value in
a group of patients using the K-Means (Supplementary
information, Fig. S2) technique and dividing the data into
n clusters of equal variances. The value to be imputed was
determined as the average of a subgroup, minimizing inertia
or the sum of squares within the cluster. The Elbow method
was used to determine the number of clusters to be used
(Supplementary information, Fig. S3).

Pre-processing and predictor selection

For addressing this highly unbalanced data, different
imputation sampling techniques were applied (over and

e Dataset

¢ Without imputation
e Full
* Random 30%
* Random 45%
* Random 60%
¢ Imputated
e Full
* Random 30%
* Random 45%

K * Random 60% )

Complications

undersampling) and complemented by a random selection of
patients without complications to generate three additional
datasets called “random 30—45-60%" from which 30%, 45%,
or 60% of patients were randomly removed and mixed with
patients that did develop a complication (Fig. 1).

After the values were summarized and imputed, vari-
ables with the highest influence over each type of complica-
tion were determined. Variables that did not contribute to
the predictive process were eliminated through correlation
analysis (Supplementary information, Fig. S5) Sequential
forward floating selection technique (SFFS) in conjunction
with a cross-validation scheme validated ML performance,
based on K-Fold. Feature extraction is based on sequential
engineering based on different techniques such as univariate
analysis using chi-square, tree-like classifiers, and progres-
sive sequencing with selection techniques.

Training

Overall, as shown in Fig. 1, training was performed for each
complication, with eight datasets (ALL, ALL imputed, and
sampling 30%, 45%, and 60% imputed or not imputed), ten
sampling methods: random oversampling (ROS); SMOTE,;
BorderLine SMOTE; BLSMOTE); SVM SMOTE (SVMS-
MOTE); ADASYN (ADASYN); Tomek Links (TL); edited
nearest neighbors (ENN); repeated edited nearest neighbors
(RENN); neighborhood cleaning rule (NCR); SMOTE and
edited nearest neighbors (SMENN): combine under and
oversampling), and ten ML algorithms: multinomial logistic
regression (LR); linear discriminant analysis (LDA); deci-
sion tree (CART) (classification and regression tree); sup-
port vector machine (SVM); k-nearest neighbors (KNN);
Bagged Decision Trees (BAG); random forest (RF); extra
trees (ET); Gaussian process classifier (GPC); Gauss-
ian naive Bayes (GNB), which resulted in a total of 3200

(- Random Oversampling (ROS) \

* SMOTE (SMOTE)

* BorderLine SMOTE (BLSMOTE)

* SVM SMOTE (SYMSMOTE)

« ADASYN (ADASYN)

e Tomek Links (TL)

* Edited Nearest Neighbors (ENN)

* Repeated Edited Nearest
Neighbors (RENN) regression tree)

* Neighborhood Cleaning Rule « Support Vector Machine (SVM)
(NCR) * k-Nearest Neighbors (KNN)

¢ SMOTE and Edited Nearest « Bagged Decision Trees (BAG)
Neighbours (SMENN) : Combine « Random Forest (RF)

under and oversampling) ExtraT €T)
* ExtraTrees

* Gaussian Process Classifier(GPC)
* Gaussian Naive Bayes (GNB)

Machine Learning —/\

Algorithms

* Multinomial Logistic Regression (LR)
 Linear Discriminant Analysis (LDA)
* Decision Tree (CART) (classification and

Sampling

Methods \§ J

Fig. 1 General process followed to obtain relevant ML for predicting CHD, CKD, MOR, and LEA
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trainings to be conducted with each initial set of variables
and patients. Using this approach, it is possible to compre-
hensively review the behavior of a group of variables and
avoid the elimination of sampling methods (over and under-
sampling), certain ML algorithms, or bias induced by statis-
tical engineering of characteristics [13]. Blind assessment
was omitted due to the novelty method to perform math-
ematical evaluation of the ML models outcome. This is a key
factor to include in a long-term study, where an individual
and detailed clinical follow-up will be performed, to evaluate
if the ML model predicts a real case or false positive.

Validation

For addressing highly unbalanced data, over and undersam-
pling were applied and supplemented by a random selection
of patients with no complication. Moreover, to validate the
performance of each model and its capacity for responding
to new data or a generalization, the sample of each possible
dataset was divided into 80% for training and 20% for test-
ing (Fig. 2). The generalizing capacity of the models was
validated using an error matrix.

An exhaustive, combinatorial algorithmic processing was
performed to determine the combination (ML-sampling-
biomarkers) with the best performance. Mass training was
performed with different combinations of variables and pro-
cessing techniques per patient group instead of choosing a
given algorithm.

Accuracy was used to determine the models’ general per-
formance, which was supplemented by a recall analysis for
identifying cases in which the algorithm successfully pre-
dicts a complication and a precision analysis for determining
cases in which the algorithm does not predict a complication
and the complication does occur. The aim was to find the

best performance for predicting complications, especially for
avoiding false negatives by assessing the F1-Score value as a
harmonic mean of precision (specificity) and recall (sensitiv-
ity) values. A heuristic validation (HV) was chosen based on
accuracy heuristics and F1 heuristics, which were obtained
by a sigmoid function applied to each metric as a correction
factor over the performance of three datasets (training, test,
and cross-validation).

Ethics considerations

This study was reviewed and approvals obtained to use the
data for analysis by the Ethics Committee of the Fundacion
Universitaria Sanitas (CEIFUS 320-18). The datasets used
and/or analyzed during the current study are available from
the corresponding author on reasonable request.

Results
Participants and predictors

The initial dataset included 64,081 patients and 287 vari-
ables, which was restricted to patients with at least a year
of follow-up between 2013 and 2018, resulting in a total of
28,828 patients (Supplementary information, Fig. S2). The
287 variables were reduced to 21 by applying a systematic
grouping process over time defined in the preprocessing
stage (Table 1; Fig. 3). The final set of variables included
sex, age, socioeconomic status, body mass index (BMI),
mean blood pressure, glycemia, HbAlc, total cholesterol,
HDL cholesterol, LDL cholesterol, hemoglobin, GFR, CKD
stage (KDIGO classification), kidney transplant history,
hypertension, ACE inhibitor or ARB-2 prescription, insulin

Fig.2 Cross-validation scheme ‘
for validating ML performance,

All Data ‘

based on K-fold

Training data ‘ | Test data ‘

Fold 1 H Fold 2 H Fold 3 H Fold 4 H Fold 5 ‘\

Split 1

Fold1 || Fold2 || Fold3 || Fold4 | Folds |

Split 2

Fold 1 H Fold 2 || Fold 3 H Fold 4 H Fold 5 |

Finding Parameters

Split 3

Fold1 || Fold2 || Fold3 || Fold4 || Folds |

Split 4

Fold1 || Fold2 || Fold3 || Fold4 || Folds |

Split5

Fold1 || Fold2 || Fold3 || Foid4 || Folds |/

Test data

Final evaluation ﬂ
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Fig.3 Sequential forward floating selection technique (SFFS) per complication. A Heart Disease/ CHD; B Chronic Kidney Disease — CKD; C

Lower Extremity Amputation — LEA; D Mortality - MOR

administration, metformin, and DPP4 inhibitor prescription
(Table 2).

Model performance

The performance of dataset with and without imputation is
presented for each complication in Supplementary informa-
tion, Table S3. According to accuracy, there is no significant
variation between the datasets (ALL — complete dataset)
with missing records and the imputed ones (ACC >94%).
For Precision over class (PRE) measure, the imputed dataset
(ALL — complete dataset) presents on average better perfor-
mance for all outcomes (98.7% vs. 87.1%). If the average of
all metrics is taken as a whole, the imputed dataset performs
better (69.3% vs. 65.1%). This way of looking at the data is
a starting point, but not decisive, since what really matter is
to avoid false negatives and false positives.

Once the feasibility of using the selected datasets has
been determined, it is necessary to evaluate which ML
technique performs best, given the sampling method to be
applied. The F1-Score metric is evaluated first, then preci-
sion and recall.

For CHD (Supplementary information, Table S4),
the best result was obtained with the imputed dataset

@ Springer

R30%_IMP, the BAG ML, and ROS sampling; HV was
58.3%, with a weighted accuracy of 77.5% and F1 of 39%.
For LEA (Supplementary information, Table S5), the best
result was obtained with the non-imputed dataset R30%, the
LDA ML, and SVMSMOTE sampling or with no sampling
(NONE); HV was 53.5%, with a weighted accuracy of 81.2%
and F1 of 25.8%. For CKD (Supplementary information,
Table S6), both RF and BAG algorithms yielded the same
result; the first one was obtained with BorderLine SMOTE
(BLSMOTE) or SVMSMOTE sampling and the second one
with ROS sampling, with an imputed dataset R30%_IMP.
HV was 71.8%, with a weighted accuracy of 80.8% and F1
of 62.7%. For MOR, RF was observed with ROS (67.2%
HV) and SVMSMOTE (66.8% HV) samplings, with an
imputed dataset R30%_IMP (Table 3).

The following maximum performance values were
obtained per complication with cross heuristic evaluation:
77.5% for CHD, 81.2% for LEA, 80.9% for CKD, and 79.7%
for MOR (Fig. 4). In general, accuracy was approximately
80%. The F1-Score Heuristic Validation (F1_ Heu) met-
ric varied significantly per complication, CKD showing
the highest performance, followed by MOR. For CHD and
LEA, the results obtained were low for a system that is under
production.
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Table 2 Patients’ description according to presence of complications

Variable All No complications ~LEA CHD CKD MOR
N=28.828 n=26.077 n=44 n=1520 n=641 n=773
n (%) n (%) n (%) n (%) n (%) n (%)
Sex
Male 12,733 (44.2) 11,144 (42.7) 28 (63.6) 918 (60.4) 415 (64.7) 381 (49.3)
Female 16,095 (55.8) 14,933 (57.3) 16 (36.4) 602 (39.6) 226 (35.3) 392 (50.7)
Age? (years) 67 (59-74) 66 (58-74) 67 (58-73) 68 (62-73.5) 64 (55-71) 77 (70-83)
Socioeconomic status
0 2580 (8.9) 2312 (8.9) 5(11.4) 148 (9.7) 81 (12.6) 64 (8.3)
1 17,797 (61.7) 16,049 (61.5) 23 (52.3) 1.034 (68.0) 361 (56.3) 466 (60.3)
2 1153 (4.0) 1027 (3.9) 3(6.8) 78 (5.1) 30 4.7) 29 (3.7)
3 3004 (10.4) 2755 (10.6) 5(11.4) 103 (6.8) 64 (9.9) 89 (11.5)
4 604 (2.1) 541 (2.1) 2 (4.6) 33(2.2) 19 (2.9) 16 (2.1)
5 3690 (12.8) 3393 (13.0) 6 (13.6) 124 (8.2) 86 (13.5) 109 (14.1)
History of hyper- 26,006 (90.2) 23,495 (90.1) 38 (86.4) 1426 (93.8) 528 (82.4) 722 (93.4)
tension
ACE inhibitor 7109 (24.7) 6363 (24.4) 15 (34.1) 454 (29.9) 93 (14.5) 229 (29.6)
consumption
ARB consumption 14,572 (50.5) 13,038 (50.0) 23 (52.3) 896 (58.9) 328 (51.2) 419 (54.2)
Metformin con- 22,908 (79.5) 21,064 (80.8) 28 (63.6) 1216 (80.0) 193 (30.1) 490 (63.4)
sumption
DPPIV inhibitor 9758 (66.2) 8803 (33.8) 12 (27.3) 586 (38.6) 210 (32.8) 231 (29.8)
consumption
Insulin use 9032 (31.3) 7770 (29.8) 33 (75.0) 637 (41.9) 403 (62.9) 350 (45.2)
History of CKD 9655 (33.5) 8257 (31.7) 19 (43.2) 636 (41.8) - 403 (52.1)
BMI* 26.7 (24.1-29.8) 26.8 (24.2-29.9) 24.6 (22.6-26.8) 27.0 (24.5-29.9) 25.3 (22.9-28.4) 24.8 (22.2-27.6)
MBP? 91.3 (88.6-94.1) 91.3 (88.7-94.2) 89.3 (87.0-94.2) 90.7 (88.1-93.8) 92.5 (88.9-96.5) 89.4 (86.5-92.9)
Glycemia® 121.2 (106.5— 121.1 (106.5— 131.1 (104.3— 123.2 (107.6— 122.5 (101.0- 120.3 (105.1-
144.9) 144.5) 173.7) 147.8) 158.2) 147.0)
HbAIc? 6.7 (6.2-7.5) 6.7 (6.2-7.4) 7.0 (6.1-8.3) 6.7 (6.2-7.6) 6.8 (6.0-7.7) 6.8 (6.2-7.6)
Total cholesterol®  179.4 (157.1- 180.5 (158.8- 174.8 (134.2— 164.7 (141.3- 172.0 (145.5- 170.7 (144.1-
202.2) 203.0) 206.7) 186.9) 200.9) 195.0)
HDL cholesterol*  45.0 (38.1-53.7)  45.2 (38.4-53.9) 44.1 (35.6-60.1)  42.2(35.9-50.6) 40.4 (34.7-49.4)  46.3 (38.3-54.8)
LDL cholesterol*  97.7 (78.9-117.5)  98.7 (80.2-118.4) 83.3(69.4-115.2) 85.1(67.3-105.0) 93.1 (71.9-115.2) 90.8 (70.4-111.2)
Hemoglobin® 14.4 (13.2-15.5) 14.5 (13.3-15.5) 11.7 (10.3-14.3) 14.0 (12.6-15.2) 11.6 (10.8-12.7) 111.2 (11.4-14.2)
GFR? 75.5 (61.2-87.7) 76.6 (63.1-88.5) 67.0 (37.9-87.8) 67.8 (54.3-81.3) 16.2 (8.4-43.8) 59.6 (41.1-74.7)

HT arterial hypertension, ACE angiotensin converter enzyme, ARB angiotensin II receptor blockers, DPPIV dipeptidyl peptidase IV, CKD
chronic kidney disease, BMI body mass index; MBP median blood pressure, HbAlc glycated hemoglobin, HDL high-density lipoproteins, LDL
low-density lipoproteins, GFR glomerular filtration rate

“Reported as median and interquartile range

Table 3 Performance
consolidated per ML, sampling,

and complication

Complication ML Sampling Accuracy F1-Score Precision Recall
AEI LDA BLSMOTE 99.9% 46.2% 100.0% 30.0%
ECC BAG NONE 94.3% 44.8% 87.0% 33.6%
MOR RF ROS 97.4% 63.6% 98.0% 50.9%
ERC RF NONE 98.8% 84.5% 94.2% 81.8%
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Fig.4 Performance of the
prediction model (ML) for
complications associated with

diabetes mellitus 100.0%
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Coronary Heart
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Discussion

This paper demonstrates how data mining and computational
methods can provide efficient insights for clinical practice
through personalized models using individualized and real-
time information for each patient for predicting an outcome
of interest. Data mining predictive methods can be applied
to the development of decision models for procedures like
prognosis, diagnosis, and treatment planning. After these
have been evaluated and verified, they can be included into
automatic and real-time systems of clinical data.

The most relevant variables of our models, according to
their potential capacity as early markers for the development
of complications, vary per each one of them. The same set of
variables was used, but the less predictive were eliminated:
For CHD outcome, the correlated variables LDL cholesterol,
HDL cholesterol, consumption of ARA?2 drugs, GFR, and
HbAc; in the case of chronic kidney disease (CKD), the
variables LDL cholesterol, HDL cholesterol, consumption
of ACE inhibitors, glycemia, and hemoglobin were elimi-
nated; for lower extremity amputation (LEA), LDL cho-
lesterol, HDL cholesterol, glycemia, and hemoglobin were
eliminated; for the mortality (MOR) case, LDL cholesterol,
HDL cholesterol, consumption of ACEI drugs, glycemia,
and hemoglobin were eliminated.

The best approach to be applied for algorithm assessment
needs to be determined. First, a general segmentation of the
dataset, comprising imputed and non-imputed data and data
applicable to different sampling techniques and ML algo-
rithms, is recommended. This is only possible by perform-
ing an exhaustive computational processing, where multiple
models are trained based on different sampling techniques
and datasets. In this study, more than 3200 experiments were
performed, allowing elimination of general hypotheses, such
as the one stating that algorithms work better with imputed
datasets. For LEA, the best performance was obtained with
the non-imputed dataset and without any sampling methods.

@ Springer
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Lower Extremity ~ Chronic Kidney Disease
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Mortality (MOR)

Based on the tests performed, it could be stated that imputa-
tion tends to improve performance (CHD, CKD, and MOR
work better); however, this is not a general rule, as in some
health predictions (such as LEA), class balancing (patients
without complications vs. with complications) and correla-
tion between variables and complications to be predicted
are more important.

The algorithm’s evaluation depends on its intended use,
i.e., it is determined based on the relevance of false posi-
tives and false negatives. Accuracy, as a general assessment
method, should be revised and used carefully to avoid false
negatives. For this reason, the sole evaluation of accuracy
is highly limited, and metrics, such as F1-Score, need to
be assessed. The F1-Score was the most important metric
in this case as the aim was to avoid false negatives or jus-
tify the lack of complication when the patient was going to
develop it. Based on the obtained results, the CKD case can
be used in a clinical environment given its performance in all
indicators (80.9% ACC_Heu and 62.7% F1_Heu). For MOR
prognosis, its use should be limited to the prognosis of true
positives (precision) and interpretation of false positives. For
CHD and LEA, its use in clinical environments should be
evaluated given its low performance in recall, precision, and
F1, even though its performance is close to 80% for accuracy
metric heuristic validation (ACC_Heu).

It is noteworthy that by evaluating applicability of the
models, the best result was obtained for cases associated
with kidney complications. The other models and compli-
cations may yield better results if their observation window
is broadened, or if the variables are supplemented by une-
quivocal clinical elements, such as creatinine for CKD. At
first, this is particularly interesting because it evidences that
an algorithm can help physicians identify patients needing
special healthcare by calculating future risk level.

These results are novel as they show alternative options
for the treatment of variables, which yield higher metrics
in the prediction of CKD (without HV heuristics), such
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as 81.2% accuracy, 84.5% F1-Score, 94.2% precision, and
81.8% recall. This is evidenced by comparing the aforemen-
tioned metrics with the ones reported by Casanova et al.
(75% accuracy, 74% recall, and 75% precision) [14], Rau
et al. (75% recall and 87.3% F1) [15], Chen et al. (88.6%
accuracy) [16], Huang et al. (65.2% accuracy, 63.2% recall,
and 67.2% precision) [17], and Chu Su et al. (87% accuracy,
88% precision, and 83% recall) [18].

The success of ML algorithm predictions lies in correct
definition, exploration, and assessment of variables based on
which algorithms can effectively distinguish patients who
may develop a certain complication. All technical efforts
should be focused on improving the models, without over-
fitting and assessing the metrics directly related to predic-
tion of a future disease or the correct prediction of the class
showing a complication. Moreover, it is vital to conduct
this type of study with a clinical proposal on the correla-
tion between the variables and the element to be predicted;
although statistics is useful, assumptions require scientific
validation. Variable management over time is essential, and
it has been evidenced that synthesizing variables over time
using new methods (VAMR or CV) results in insights or
key elements based on which machines can make correct
predictions on the risk of a complication. Variables forming
a dataset must be imputed, and their result must be validated.
An exhaustive computational search on the performance of
an algorithm should be performed, using an imputed or non-
imputed dataset, in addition to accurate application of sam-
pling methods for predicting a given complication.

Some strengths need to be highlighted. This paper
describes the application of a modern data mining pipeline,
resulting in significant benefits: (1) it applies an exhaus-
tive training process in an iterative manner, exploiting the
advantages of significant modern computational services to
combine different approaches; in the healthcare field, this
strategy results in the utilization of clinical data and develop-
ment of a trained model acting as the brain of a calculator for
the risk of complications in diabetic patients, and (2) it pro-
vides a multivariate index of patients’ conditions. Al-based
strategies were used to input missing data (K-means) and
address class unbalance. Models were created considering
different prediction approaches and validated through last
generation data science principles. Final models demonstrate
asymmetry in the predictive performance of each studied
complication, suggesting that the variables to be used should
be reviewed in detail and differentiated based on each com-
plication to be predicted. A single variable set has limited
performance for the prediction of all complications, mak-
ing it necessary to create pertinent variable groups for each
complication.

Also, some limitations need to be recognized. Working
with unbalanced classes, which are common in the clinical
environment, is a limitation for this type of study because

patients presenting a certain condition (incident cases) are
in minority. This constitutes a challenge because if a dataset
cannot be created with predicting variables based on which
ML can differentiate patients, the results obtained could not
be used in a clinical environment. Many clinical variables
were found to directly correlate with other variables and
affect ML performance when included in the model. Vari-
able clearance becomes necessary for avoiding their correla-
tion. Another limitation, and related to retrospective design,
is the presence of missing data given that working databases
were real-world data collected with other purposes rather
than research; although it can be imputed, its clinical feasi-
bility must be demonstrated. Prospective cohorts would be
ideal to validate these predictive models.

A key feature is the summarization into variables with
repeated measures over time without losing their predictive
capacity. Using the CV method, it is possible to synthesize a
set of indexed variables to a measurement period preserving
their predominance. Before synthesizing repeated measures,
data or mistaken clinical measurements need to be cleared
and missing values need to be imputed through an adequate
segmentation of patients based on variables that have previ-
ously been clinically validated as affecting or causing the
variable being imputed. Algorithm performance can be
assessed with reliable, homogeneously treated, and clini-
cally validated data. The development of predictive models
for complications in patients with DM may help assess the
correlation between individual factors and a specific com-
plication’s onset to consequently stratify the patient for a
healthcare center based on that risk and develop tools to
support informed clinical decisions regarding treatment.

Future studies should include variables with information
on patient lifestyle, such as GPS tracking of the patient’s
movements, the places visited. Although this may raise con-
troversy in terms of privacy vs. predictive effectiveness, it
will enable effective modeling of patient lifestyle and result
in highly personalized and effective predictions in addition
to clinical data.

Conclusions

ML is a key technology for transforming patient’s variables
into clinically valuable information through rules developed
by medical and engineering experts. This study highlights
the ability to predict DM complications, providing valuable
support for clinical diagnosis and treatment decisions; ML
algorithms can analyze vast amounts of patient data, ena-
bling healthcare professionals to make more informed deci-
sions tailored to individual patients’ needs.

The findings of this study emphasize the importance
of integrating ML into the field of medicine, as it has the
capacity to transform patient data into actionable insights.

@ Springer



538 International Journal of Diabetes in Developing Countries (July-September 2024) 44(3):528-538

By harnessing the power of ML, healthcare professionals
can improve patient outcomes, optimize treatment plans, and
ultimately enhance the overall quality of care for individuals
affected by DM.
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