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1. Introduction

In the world 537 million adults (20-79 years) are living with diabetes (10%). This number is predicted to rise to 643
million by 2030 and 783 million by 2045. Diabetes is responsible for 6.7 million deaths in 2021 [1].

In Spain around 13% of adults have diabetes and more than 500,000 new cases are diagnosed each year [2]. The first
national study in Spain of prevalence of diabetes and impaired glucosa was the Di@bet.es Study carried out with 5072
participants [3].

The prediction models for T2DM (type 2 diabetes mellitus) are very important in order to prevent suffering from T2DM.
The prevention in this field can improve the quality of life of human beings and even save lives.

1.1. This work

The main goal of this work is to study and compare various machine learning algorithms to predict the development
of type 2 diabetes mellitus.
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Fig. 1. Scheme of the work.

We have used a database obtained from the nation-wide cohort di@bet.es study [2] with thousands of individuals,
some of them were diagnosed with type 2 diabetes 7.5 years after measuring the rest of the variables.

In the literature, several studies can be found in which machine learning algorithms are applied to problems in
Medicine. For example, in [4], the authors apply machine learning technics to predict metabolic syndrome. The conclusion
of this study is: “On average, machine learning models outperformed conventional statistical approaches for patient
classification”.

The present study involves the comparison, for the prediction of suffering T2DM in 7.5 years, among four machine
learning techniques. The tuning of the hyperparameters of each algorithm are also detailed.

The algorithms have been implemented using the language R. “R is a potent and free software for graphical and
statistical analysis” [5]. A brief history of the language R and some reasons of its wide use can be found in [6].

Four classification algorithms have been considered, studying and comparing the accuracy of each one to predict the
incidence of type 2 diabetes mellitus 7.5 years in advance. Specifically, the techniques studied for this problem are:

Decision Tree (R command: rpart)

Random Forest (R command: randomForest)
KNN (k-Nearest Neighbours) (R command: knn)
Neural Networks (R command: nnet)

This work includes the accuracy of each algorithm and therefore the best technique for this problem. The best
hyperparameters for each algorithm will be also provided.
A scheme of the work is showed in Fig. 1.

1.2. T2DM database

The T2DM database has been obtained as a result of the nation-wide cohort di@bet.es study [2].

5072 people older than 18 years were randomly selected from all over Spain.

A total of 2408 subjects participated in the follow-up. In total, 154 people developed diabetes in 7.5 years of follow-up.

18 variables have been considered including socio-demographic and clinical data.

One of the variables contains information about if the individual has been diagnosed of T2DM in the follow-up.
This variable is the objective variable for the classification algorithms studied and the rest of the variables are used as
independent variables.

2. Tuning the hyperparameters

Machine learning technics have been using for the diagnosis of type 2 diabetes mellitus in recent years, for example
in [7]. In the present work we have studied the accuracy of four technics, changing the hyperparameters in order to obtain
the best values for them for the aforementioned problem. The metric used for evaluating the model is accuracy = (TP +
TN)/(TF + FP + TN + EN), that is, the sum of the elements of the main diagonal of the confusion matrix divided by the
sum of all the elements of the confusion matrix.
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Fig. 2. The parameter ntree of the command randomForest.

2.1. Decision tree

Decision tree is a machine learning technic that has previously used for diagnosing type 2 diabetes, for example in [8].

Decision tree algorithm has been included only for comparison with the other methods, since it can be considered as
a particular case of the Random Forest method, in which the forest has one unique tree.

We have used the R command: rpart of the R package rpart (in CRAN). A description of this command can be found
in [9].

The hyperparameters have been not tuned in this case since:

e Just one decision tree have very high instability in the measurement of its accuracy.
o The method is included in the Random Forest algorithm.

2.2. Random forest

Random Forest algorithm has been previously used for estimating the risk of suffering type 2 diabetes in some
occasions, for example in [10].

We have used the R command randomForest of the R package randomForest (in CRAN). A description of this command
can be found in [11]

We have considered four parameters of the command randomForest for tuning: ntree, mtry, nodesize and maxnodes.

2.2.1. ntree

The parameter ntree fixes the number of trees of the forest. The graphic in Fig. 2 shows the accuracy (red line) measured
with a set of individuals different to the individuals used to train the forest and 1- OOB Error (1 - Out Of Bag error)
(green line). The red vertical dotted line marks the maximum value of the accuracy and the violet vertical line marks the
maximum value of 1-OOB.

From the values showed in the previous graphic, a grid from 290 to 310 has been selected in order to obtain the best
value in conjunction with the other parameters.

2.2.2. mtry

The parameter mtry fixes the maximum number of variables used in each tree of the forest. As in the previous
graphic, Fig. 3 shows the accuracy (red line) and 1- OOB Error (green line). The red vertical line corresponds with the
maximum value of the accuracy and the violet vertical line with the maximum value of 1-OO0B.

From the values showed in the previous graphic, a grid from 2 to 4 has been selected in order to obtain the best value
in conjunction with the other parameters.
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Fig. 4. The parameter nodesize of the command randomForest.

2.2.3. Nodesize

The parameter nodesize fixes the minimum size of terminal nodes. The graphic in Fig. 4 shows the accuracy (red line)
and 1- OOB Error (1 - Out Of Bag error) (green line). The red vertical dotted line determines the maximum value of the
accuracy and the violet vertical line the maximum value of 1-OOB.

From the values showed in the previous graphic, a grid from 40 to 50 has been selected in order to obtain the best
value in conjunction with the other parameters.
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Fig. 5. The parameter maxnodes of the command randomForest.

2.2.4. Maxnodes

The parameter maxnodes fixes the maximum number of terminal nodes. The graphic in Fig. 5 shows the accuracy (red
line) measured with an external to the forest set of individuals and 1- OOB Error (1 - Out Of Bag error) (green line). The
red vertical dotted line marks the maximum value of the accuracy and the violet vertical line marks the maximum value
of 1-0O0B.

From the values showed in the previous graphic, a grid from 50 to 90 has been selected in order to obtain the best
value in conjunction with the other parameters.

2.2.5. Optimal values of the parameters
Combining the previously obtained grids the optimal values for the parameters in order to maximise the accuracy are:

ntree: The optimal value is 305.
mtry: The optimal value is 4.
nodesize: The optimal value is 50.
maxnodes: The optimal value is 50.

2.3. kNN (k-Nearest Neighbours)

kNN algorithm has been applied to predict diabetes mellitus in several occasions, for example in [12].
We have used the R command knn of the R package class. A description of this command can be found in [13]

23.1. k

The parameter k in the command knn fixes the number of neighbours considered.

The graphic in Fig. 6 shows the points analysed (axis X corresponds with k and axis Y corresponds with the accuracy).
The vertical red line marks the value of k with maximum value of the accuracy.

The grid selected has been from 15 to 25.

2321

Parameter | in the command knn fixes the minimum vote for definite decision.

The graphic in Fig. 7 shows the points analysed (axis X is k and axis Y is accuracy). The vertical red line marks the
maximum value of the accuracy.

The grid selected has been form 0 to 9. Please, note that for [ > 9 the precision is higher but for these values the
algorithm doubts in many cases. In the following two paragraphs an explanation about this fact is included:

5
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The parameter | indicates the variation of the minimum number of votes to classify an observation. This hyperpa-
rameter depends on the parameter k, since less than k-1 dissenting votes are allowed (it could be less if there are not
enough minimum number of votes), otherwise the algorithm doubts how to classify the observation and produces error.
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Fig. 7. The parameter | of the command knn.

The values that have been specified for I are the following: sequence from O up to the value of k.

Not all the values are valid. Specifically, from 1 = 10 some observations produce errors because the algorithm does not
have enough dissenting votes and does not know how to classify the individuals. Since the algorithm does not provide the
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Fig. 8. Parameter size of command nnet.

number of neighbours when classifying an observation, it is not possible to know the number of dissenting neighbours.
Therefore, when the value of | approaches the value of k, the algorithm is not able to classify the observation because it
does not have I dissenting votes. In the range of |1 from 10 to 18 not all the observations can be classified because there
are not enough votes to classify an observation.

Combining the previously obtained grids, the optimal values for the parameters in order to maximise the accuracy are:

o The optimal value of k is 23.
e The optimal value of 1 is 9.

2.4. Neural network

An example of use of artificial neural networks for prediction of diabetes can be found in [14]
Single-hidden-layer neural network is implemented in package nnet (shipped with base R). [15]

2.4.1. Size

Parameter size in command nnet fixes the number of units in the hidden layer.

The graphic in Fig. 8 shows the accuracy in function of the parameter size. The vertical red line marks the maximum
value of the accuracy.

The grid selected has been from 46 to 48.

2.4.2. Decay

Parameter decay of command nnet fixes weight decay.

The graphic in Fig. 9 shows the accuracy in function of the parameter decay. The vertical red line marks the value of
decay with maximum accuracy.

The grid selected has been from 1.5 to 2.

2.4.3. Maxit

Parameter maxit of command nnet fixes maximum number of iterations.

The graphic in Fig. 10 shows the accuracy in function of the parameter maxit. The vertical red line marks the maximum
value of the accuracy.

The grid selected has been from 2500 to 2650.
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2.4.4. Optimal values of the parameters
Combining the previously obtained grids, the optimal values for the parameters in order to maximise the accuracy are:

e The optimal value of size is 46.
o The optimal value of decay is 1.5.
e The optimal value of maxit is 2650.
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Table 1
Confusion matrix for decision tree.
DT No DT Yes
Real No 304 7
Real Yes 29 11
Table 2
Confusion matrix for ramdom forest.
RF No RF Yes
Real No 350 4
Real Yes 24 17
Table 3
Confusion matrix for kNN.
kNN No kNN Yes
Real No 353 3
Real Yes 60 1

3. Results

In this section, the confusion matrix and the accuracy of each technique for the optimal parameters selected previously
are shown.

To obtain the confusion matrix the dataset has been randomly split into a set of training and a set of testing.
Approximately the 80% of the individuals have been assigned to the set of training and the rest to the set of testing.
The procedure has been the following:

1. A sample of pseudo-random numbers from a continuous uniform distribution on the interval [0, 1] has been
generated (one for each individual in the dataset).

2. Individuals which random number is less or equal than 0.8 have been assigned to the set of training.

3. Individuals which random number is greater than 0.8 have been assigned to the set of testing.

The confusion matrix is obtained comparing the prediction of the technic with the real values in the set of test (these
individuals have not been used for the training in the technic). The accuracy is measured dividing the sum of the elements
in the main diagonal of the confusion matrix (right results) by the sum of all elements of the confusion matrix (right and
wrong results).

3.1. Results of decision tree

The confusion matrix for Decision Tree is shown in Table 1.

Decision tree accuracy = sgrvts0—=7 = 335 = 0.8974359 ~ 89.74%

3.2. Results of random forest

The confusion matrix for Random Forest with the optimal hyperparameters is shown in Table 2.

Random-Forest accuracy = gs5op50 = = 353 = 0.929139 ~ 92.91%

3.3. Results of kNN

The confusion matrix for kNN with the optimal hyperparameters is shown in Table 3.

_ 35341  _ 354 _ ~ o
kNN accuracy = T3rar6051 — ay — 0-8489209 ~ 84.89%

3.4. Results of neural network

The confusion matrix for Neural Network with the optimal hyperparameters is shown in Table 4.

Neural-network accuracy = g7z = 155 = 0.8539741 ~ 85.40%

9
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Table 4
Confusion matrix for Neural Network.

NN No NN Yes
Real No 447 18
Real Yes 61 15

4. Conclusions and future work
4.1. Conclusions

Four technics (decision trees, random forests, KNN and neural networks) have been applied to a database of a set of
individuals randomly selected. A set of variables were measured for each individual. A new variable showing whether the
individual was diagnosed of type 2 diabetes mellitus or not was added seven and a half years after the initial data was
taken. This variable is considered the objective variable and the technics classifies with this variable using the rest of the
variables. This way, the technics predict if the person is going to be diagnosed with type 2 diabetes mellitus 7.5 years in
the future.

The technics have been applied using the R language. A study of the accuracy of each technic which some parameters
has been carried out, changing the value of each parameter. A grid of best values has been selected for each parameter
and for each technic. A study of all possible combinations of the values in the grids in all the parameters of each technic
in order to obtain an optimal value for each parameter of each technic. Using these optimal values a confusion matriz for
each technic has been obtained and therefore an accuracy for each technic has been obtained.

The data of the accuracy for each technic for this problem has been:

Decision tree accuracy = 89.74%

Random Forest accuracy = 92.91%

kNN accuracy = 84.89%

Artificial Neural Network accuracy = 85.40%

The best technic for this problem among the four analysed has been Random Forest, with an accuracy of 92.91%.
4.2. Future work

The authors are extending the study to other machine learning technics as Support Vector Machine and Naive Bayes.
Also, they are working on increasing the number of hidden layers conducting the study towards deep learning. New
metrics as recall are being studied in order to decrease the number of false negatives.

Data availability
Data will be made available on request.
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