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Abstract

Fuzzy random forests are well-known machine learning classification mechanisms based on a collection of fuzzy decision
trees. An advantage of using fuzzy rules is the possibility to manage uncertainty and to work with linguistic scales. Fuzzy
random forests achieve a good classification performance in many problems, but their quality decreases when they face a
classification problem with imbalanced data between classes. In some applications, e.g., in medical diagnosis, the classi-
fier is used continuously to classify new instances. In that case, it is possible to collect new examples during the use of the
classifier, which can later be taken into account to improve the set of fuzzy rules. In this work, we propose a new iterative
method to update the set of trees in the fuzzy random forest by considering trees generated from small sets of new examples.
Experiments have been done with a dataset of diabetic patients to predict the risk of developing diabetic retinopathy, and
with a dataset about occupancy of an office room. With the proposed method, it has been possible to improve the results
obtained when using only standard fuzzy random forests.
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Abbreviations 1 Introduction

FRF Fuzzy random forest

DR  Diabetic retinopathy Building accurate decision support systems is hard. In the
FDT Fuzzy decision tree last decade, it has become common to use classifiers based
OC  Occupancy on Machine Learning for this task. Usually these systems

face a trade-off between sensitivity and specificity. In imbal-
anced datasets, it is difficult to simultaneously have a high
sensitivity and specificity, as one class is over-represented.
In this setting, classifiers have trouble identifying the objects
of the minority class. This is a common problem in medical
diagnosis systems, where usually the set of people suffering
a disease is small in comparison with the healthy people.
However, in this case, it is particularly interesting to have
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combine multiple Decision Trees (DT). They have shown
a great performance in classification tasks in comparison
with other techniques [1]. In domains with uncertainty or
imprecision, we can use Fuzzy Random Forests (FRF). Their
ensemble is constructed using Fuzzy Decision Trees (FDT),
where the rules are defined on fuzzy linguistic variables and
many rules can be activated to different levels depending on
the inputs. Despite their good accuracy, these models still
struggle in the presence of imbalanced datasets, as explained
before.

In this paper, we propose a novel method to take advan-
tage of the new data that may arrive to a decision support
system based on a Fuzzy Random Forest. When a set of data
big enough has been gathered, these new examples will be
used to make an update on the FRF model, with the aim of
improving its performance. The method may also reuse the
training examples that the FRF is not able to classify cor-
rectly. Even though it has been tested on a FRF, the method
is suited to be used with standard random forests.

The proposed updating model has been evaluated on two
different datasets. The first one consists on the detection of
the risk of developing Diabetic Retinopathy (DR). As a con-
sequence of diabetes, the blood vessels of the eye may break
and generate small blood spots, hemorrhages and exudates.
These lesions produce vision loss and may even cause blind-
ness if they are not detected and treated at an early stage.
The risk of developing DR can be calculated from some
clinical data of the patient, including blood analysis results.
This classification problem is currently being solved using
the Retiprogram system, which is based on a FRF. In some
previous works other models were tested in this problem,
obtaining worse results [2, 3]. The use of fuzzy input attrib-
utes allows the system to reason in a way closer to humans.
The linguistic variables obtained from the fuzzified attrib-
utes are also much more interpretable by medical experts.
Moreover, they avoid reasoning with precise numerical data
when it is not required by the problem. To assess the risk
of developing Diabetic Retinopathy, doctors reason quali-
tatively on the attribute values (e.g., age: child/young/old,
body mass: underweight/normal/overweight, hypertension:
good control/bad control, etc.). A difference of one year or
of one kilogram makes no difference in the diagnosis, which
is done at a more general scale of measurement (with labels).
However, the input data are precise and numerical, so fuzzi-
fication is a proper procedure to move from the numerical
scale to the linguistic scale of measurement.

This system is being tested by a group of ophthalmolo-
gists at Hospital Sant Joan de Reus. The general results are
good (with a sensitivity and a specificity over 75%), but
there are still many misclassifications. Errors are mainly due
to the inherent ambiguity of the training examples (very sim-
ilar patients can belong to different classes) and to the high
imbalance between both classes (more than 90% of diabetic
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patients do not develop DR). Using the proposed updating
method, the data from the new patients which are treated at
the hospital has been used to update the base FRF model.

The second dataset used in this work is related to the
detection of the occupancy of an office room [4]. A FRF
classifier has also been used to determine if the office room
is occupied or not. In this case, the reasoning with envi-
ronmental variables (temperature, light, CO, concentration,
etc.) can be done in a qualitative way on a fuzzy scale rather
than a numerical one. The data are also highly imbalanced
towards the negative class. In this case, the dataset has been
split to simulate the arrival of new labeled data to the system
from time to time.

Experimental results have been obtained on both data-
sets. In both cases, the numerical input variables have been
fuzzified. The output of the FRF classifier is the class with
a higher activation. This allows using standard metrics to
assess the performance of the classifier. The weighted bal-
anced accuracy has been used as the performance metric,
allowing to face the trade-off between the sensitivity and
the specificity caused by the class imbalance. Several tests
have been performed to check the performance of the model
during the multiple iterations of the updating method.

The rest of the paper is organized as follows. Section 2
presents other approaches used to update fuzzy random for-
ests, consisting on adding weights to the decision trees, or on
building trees dynamically from streaming data. In Sect. 3,
we introduce the proposed method for iteratively updating
the trees in a FRF. In Sect. 4, we present the datasets and we
discuss the obtained experimental results. Finally, Sect. 5
presents the conclusions and the lines of future work.

2 Related Work

The optimization of classification models based on Ran-
dom Forests has been studied in the literature. Even though
most techniques are not fuzzy, they could also be applied
to Fuzzy Decision Trees or Fuzzy Random Forests. We can
distinguish two main approaches: adding weights to the
FREF, or building online FRFs. The former is summarized in
Sect. 2.1, whereas the latter is presented in Sect. 2.2. Finally,
in 2.3, an analysis of these methods is performed.

2.1 Adding Weights to Fuzzy Random Forests

Weighting some of the components of the classification
model is one of the ways to achieve a better performance.
During the training stage, weights may be added in the
model in four different ways. The first one consists of add-
ing weights at the last step of the FRF classifier, when a
voting procedure is made to find the majority class [5-7].
Each tree on the ensemble has a weight which corresponds
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to its accuracy. The accuracy is obtained by calculating the
performance of the tree on the out-of-bag samples. Other
possibilities consist on changing the weights during the
training stage. For instance, Dogan and Birant [8] proposed
initializing all the weights to the same value, and reward
the best performing trees on the validation set formed by
the out-of-bag samples. Zhukov et al. [9] added a pruning
step to replace the worst decision tree, so the ensemble can
handle concept drift. Decision trees may also have a sliding
window of stored samples. Each time a new sample has to be
evaluated, similar samples from the sliding window are used
to recompute the weights based on their errors.

The second option consists on weighting the samples.
Kim et al. [10] proposed weighting the samples according
to the complexity of classifying them correctly. The trees
also have weights, which are computed using the ones on
the samples already classified. Yang and Yin [11] considered
finding the weight of the decision trees as an optimization
problem. For a certain number of epochs, both the weights
on the samples and the decision trees are updated to opti-
mize the model.

The third possibility, proposed by Zhong et al. [12],
assigns weights to the leaves of the decision trees. That is,
each of the rules of the ensemble has a weight based on
some performance metric. For regression problems, this
method obtains better results than just weighting the deci-
sion trees. A similar approach is proposed by Khan et al.
[13], in which they applied weights to the rules on fuzzy
decision trees. The rule weight is considered to be the cer-
tainty factor, which is computed for each branch of the FDT
using the training data. The fuzzy rule with the maximum
membership value for a sample to be classified is the one
which decides the final class.

Finally, there are weighting methods that use different
weights for each of the possible output classes. For instance,
Zhu et al. [14], Livieris et al. [15] and Utkin et al. [16] use
this approach to compensate imbalanced datasets.

2.2 Online Fuzzy Random Forests

The second kind of methods deal with the so-called online
random forests. They differ from conventional RFs in that
they are dynamically constructed and optimized using
streams of continuous data. In this case, the training data
arrives and is processed continuously. As the new training
samples are not available from the beginning, the methods
are not focused on improving an existing model, but on
adapting the current one. Gomes et al. [17] reviewed several
methods for data stream classification using ensemble-based
methods, and proposed a taxonomy to classify them.
Incremental decision trees are one type of online learn-
ing methods. This type of decision trees can be grown in an
online fashion, i.e., their rules can be updated using new data

examples. For instance, Kalles and Morris [18] and Utgoff
et al. [19] proposed variants of ID3 which are incremental.
Regarding fuzzy approaches, Guetova et al. [20] proposed a
fuzzy incremental variant of ID3. Ichihashi et al. [21] also
proposed an incremental variant of ID3, Neuro-Fuzzy ID3,
in which they considered the membership function as a
three-layered neural network. Isazadeh et al. [22] and Pecori
et al. [23] also proposed different approaches based on Very
Fast Decision Trees to train an ensemble of fuzzy incremen-
tal decision trees, using streaming data.

Saffari et al. [24] combined online bagging techniques
with extremely randomized forests to build an online random
forest. The trees on this random forest grow when new data
are fed into the model. A new branch on the tree is created
when there are enough samples on a node, and they are good
enough to classify new samples. Similar proposals of online
random forests include Mondrian Forests [25] and Adaptive
Random Forests [26]. They are also based on growing the
trees’ branches (i.e., the rules of the trees) with the arrival
of new training samples. Some incremental approaches also
drop some members of the ensemble, and create new ones.
Their objective is to handle concept drifts, and their focus is
on processing streams of data.

2.3 Analysis of the Related Work

The two analyzed approaches to improve the construction
of random forests are very different. On the one hand, the
weighting methods are applied during the training of the
model. They do not need new data because they use the
out-of-bag training samples. As the optimization is done
during the training, the core of the model is not modified a
posteriori. Published results show that these approaches are
able to improve the performance of a standard random forest.
Despite updating the weights using new data is rarely done,
these weighting methods could be used to update the core
model using new data. However, they would not learn new
patterns as these techniques do not create new rules.

On the other hand, the main drawback of online random
forests is that they need more data than standard random for-
ests to achieve a similar performance. They are not designed
to update and improve an existing model, but to construct it
while it is used. They are well suited for applications which
have to process continuous streams of data, as they need
large amounts of data to be trained.

The main difference of these approaches with the method
proposed in this paper is that we want to first create a clas-
sification system with a FRF, and later this FRF will be
dynamically updated from time to time using new small
sets of data. Some similarities exist with on-line methods.
Specifically, with incremental approaches, according to the
taxonomy proposed in [17]. They are designed to work on
data streaming and are focused on handling concept drift. In
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contrast, the kind of problems we aim to solve do not include
the use of data streams, and they do not have any concept
drift. They are explained in more detail in Sect. 4.1.

3 Proposed Method

This paper presents a new method to update a Fuzzy Ran-
dom Forest using a new set of incoming data. It consists
on modifying the set of trees that compose the FRF model
taking into account new examples that were not initially
available. The goal is to try to increase the performance by
updating the classification model without retraining it from
scratch. This updating process will be performed after col-
lecting a sufficiently big set of new cases that can be used as
examples for improving the model. The proposed architec-
ture is illustrated in Fig. 1.

As a first dynamic component, we have the new data
collected for updating the trees in the Random Forest. To

improve the results and to enlarge the collected data in each
update iteration, the use of previous misclassified examples
(i.e., errors) is proposed. Three different ways of dealing
with errors are studied. They are called NoError, ErrorLT
(Errors from the Last Test) and AllData &ErrorLT, depend-
ing on which error examples are used during the dynamic
updating. NoError and ErrorLT use the new data that arrived
at the system in the current update step. In contrast, AllData
&ErrorLT uses all the new data that arrived at the system in
all the previous updating steps. Regarding the misclassified
examples, NoError does not include them, whereas ErrorLT
and AllData &ErrorLT include the misclassified examples
of the previous update step.

As a second dynamic component, we consider the
ensemble voting procedure of the Fuzzy Random Forest.
Two methods are usually applied. The first one is the major-
ity voting, in which the most voted prediction among the
Fuzzy Decision Trees in the ensemble is the final answer.
The second one is the weighted voting, in which the vote
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of each Fuzzy Decision Tree is weighted according to its
performance.

As a third dynamic component, we consider the possibil-
ity of updating the metrics of the Random Forest using the
new collected data. The values of these metrics are used in
the proposed method to update the model, and as weights in
the weighted voting.

ing the construction process, the out-of-bag samples
of each FDT are used to compute two metrics for each
of them, the specificity and the sensitivity, which are
stored on the FDT. Those metrics have two main pur-
poses. The first one is to be used in the weighted voting
if this option is selected. They are also used in the third
step of the proposed method, in the update process. The

Algorithm 1 FRF iterative update algorithm

Input: T, method, doUpdateW eights

1: updatedM odel, Er < modelTrain(T)

: D; < waitForNewData()

// Base model training
// Current update iteration

// Data used to update the model

. E;_1 < none // Error data with misclassified samples
. if method is ErrorLT or method is AllData& ErrorLT then

. end if
: repeat
if method is NoFError then
10: D} «+ D;
11: else if method is ErrorLT then
12: D} < merge(D;, E;_1)

2
3
4
5
6: Ez'fl «— Er
7
8
9

// Tterative model update process

13: else if method is AllData& ErrorLT then

14: D; — merge(Do_i, Eifl)
15: end if
16: newModel < modelTrain(D})

17: updatedM odel, E; <— modelUpdate(updatedM odel, new M odel)
18: if doUpdateW eights is true then

19: updatedM odel < updateW eights(updated M odel, D)
20: end if
21: 14— 1+1

22: until (D; < waitForNewData()) == none  // Repeat if there is new

data

Algorithm 1 shows the procedure of construction and
update of the FRF. The method is composed of three steps.
The first one consists in the training of the base classification
model, and it is only run once at the beginning. The other
two steps are executed iteratively each time we collect a new
set of examples and the model can be updated. These three
steps are commented in more detail as follows:

1. Base model training The first step consists on training
the base model with a large training dataset, 7, which
contains labeled examples (line 1). With a learning algo-
rithm for Fuzzy Random Forests, we obtain n FDTs,
where 7 is a large number, usually more than 100. Dur-

2.

obtained classification model should be validated with a
testing dataset to ensure its good performance (this step
is not shown in Fig. 1). After creating the base FRF, the
training dataset can be used for testing, and the samples
that are not correctly classified are stored in a file E;.
Those error samples £ are used in the following step in
the ErrorLT and AllData &ErrorLT versions.

New model training Every time enough new samples D,
have been gathered, usually around 200 samples, a new
training iteration i is performed (lines 2—16). The merge
process generates the dataset used to update the FRF. Its
output, D;, depends on the method version used:

@ Springer
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e The NoError version does not merge anything with ~ Table 1 Diabetic retinopathy patients data
D; (line 10). Dataset Training Validation  Testing Total
e In contrast, the ErrorLT version merges the errors
data from previous iterations with D; (line 12). For ~ DR=0samples 1376 (72%) 380 (63%) 863 (78%) 2619
the first training iteration i = 1, the Ej errors samples ~ DR = Isamples 537 (28%) 222 (37%) 240 (22%) 999
are merged. In further iterations, the merged errors ~ Total samples 1913 602 1103 3618
samples, E;, are generated in the third step of the
method.
e The AllData &ErrorLT version is an extension of  Table2 Office room occupancy data
ErrorLT. It additionally merges the training data Dataset Training Validation  Testing Total
from all previous iterations, D, ; (line 14).
. OC =0samples 3064 (78%) 1583 (79%) 1293 (79%) 5940
Once the me?rge process is cqmpleted, the D:: samples OC=1samples 844 (22%) 41721%) 336Q21%) 1597
are used to train a new FRF (line 16). The difference Total samples 3908 2000 1629 7537

between the base model and this newly generated one is
the number of trees. Because the size of the new train-
ing set is small, we train a lower amount of FDTs m,
with m <<< n, usually around 20 trees. Their out-of-bag
samples are also used to compute the aforementioned
metrics for each of these new trees. They are also used
for the weighted voting, and in the third step of the pro-
posed method.

3. Dynamic update The current model is updated in this
step (lines 17-20). If the iteration is the first one (i = 1),
the base model is updated. In further iterations where
i > 1, the model being updated is the resulting model
from the previous iteration i — 1. The m new FDTs
trained in the previous step are used to update the cur-
rent model (line 17). To do so, the m FDTs are added
to the current model. To improve the performance of
the updated FRF, the worst FDTs from those n,_; + m
trees are removed. The number of trees being removed
is fixed by a certain percentage p. The updated model
will have a total of (1 — p/100) X (n,_; + m) FDTs. To
sort the trees and keep the best ones, a quality metric is
used, the weighted balanced accuracy (1). It is defined as
a weighted average between specificity and sensitivity,
with a weighting factor a.

BA = «a - sensitivity + (1 — a) - specificity. (1)

After pruning the worst trees, an additional update
metrics process can optionally be performed (lines
18-20). When this option is selected, the metrics
computed using the out-of-bag samples are updated.
The training data D/ of the current iteration i are
used to compute the quality metrics for each of the
FDTs. Instead of replacing the old metrics, the aver-
age between the old and the new metric is computed
NewMetric = (CurrentMetric + UpdatedMetric)/2.
This allows a more gradual update of the metrics.

The resulting FRF with n, trees is set as the current
model, and it is taken as the new model to be used until a
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new set of cases is available, and a new update iteration
starts.

The errors of the updated FRF model on the D dataset
may also be retrieved and stored in E; as it was done for
the base model with E;. In the case of using the ErrorLT
or AllData &ErrorLT versions, in the next iteration, the
new samples D; are merged with those error cases E; to
enlarge the training dataset of the subsequent iteration.

The use of the sets of wrongly classified examples E;
is optional. It is only used in the ErrorLT and AllData
&ErrorLT versions of the iterative method. Their use has
two purposes. On the one hand, to increase the size of the
training set D; and, on the other hand, to show again these
wrongly classified cases to the learning model in order to
be able to build new rules that cover them appropriately. In
that way, the model is learning from the past errors. In the
next section, the effects of the diverse configurations of the
proposed method are studied.

4 Experimental Results

In this section, the obtained experimental results are shown.
In Sect. 4.1 the tested datasets are explained and analyzed. In
Sect. 4.2 the selection of the method parameters is explained.
Section 4.3 shows the obtained results and analyses them.
Finally, in Sect. 4.4, an in-depth analysis of some results is
performed, to study how the proposed method modifies the
FRF model.

4.1 Datasets

Two different datasets have been used to test the proposed
iterative method for updating a FRF. The first one is the
diabetic retinopathy (DR) risk detection problem. This is a
private dataset from Hospital Sant Joan de Reus, located in
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Catalonia, Spain. It is a binary classification problem with
two labels: DR = 1 means a high risk of suffering from
diabetic retinopathy (i.e., positive class), whereas DR = 0
means a low risk (i.e., negative class). The experiments have
been performed using real data from diabetic patients. This
data includes 9 different attributes, 6 numerical (Age, Evo-
lution time of diabetes, HbA1c, CKD-EPI, Microalbuminu-
ria and Body Mass Index) and 3 categorical (Sex, Medical
Treatment and Hypertension). The target attribute is the
label of the class DR =0 or DR = 1.

The second one is the occupancy (OC) dataset [4], in
which the occupancy of an office room is predicted. The
dataset is publicly available at the UCI Machine Learning
Repository. It is also a binary classification problem with
two labels. OC = 0 means the office room is not occupied
(i.e., negative class), whereas OC = 1 means the office room
is occupied (i.e., positive class). The occupancy dataset has
6 different attributes, 5 numerical (Temperature, Humidity,
Light, CO, and Humidity Ratio) and 1 categorical (Date).
The target attribute is the label of the class OC = 0 or OC
=1.

The data from both problems are split in three different
datasets: training, validation and testing. The training data-
set, T, is used to train the base FRF model. It is used to cre-
ate the model with the largest number of trees (100 trees);
hence, it is the dataset with more samples.

The validation set is used to simulate the new data that
would arrive to the system from time to time. We split the
validation set in chunks of 200 samples. Each of them is
used in a different iteration i during the dynamic updating
process. From each of these small new training datasets, D;,
the system generates 20 new trees. Then, the dynamic updat-
ing step is done, obtaining the FRF model M,.

Finally, the testing set is used after each iteration to check
the performance of the new FRF M;. Note that the samples
from this testing dataset are not included in the error sets;
thus, the model is never trained using them.

Tables 1 and 2 show the splitting of the data among the
three datasets for the diabetic retinopathy and occupancy
problems, respectively. It can be seen that both datasets are
highly imbalanced towards the negative class.

To obtain the experimental results, we used the afore-
mentioned datasets to build a FRF for each of the problems.
Because of the use of a FRF, the rules use fuzzy variables;
hence, the datasets had to be fuzzified. The labels and fuzzy
sets for the diabetic retinopathy problem have been defined
from the numerical attributes [2] by medical experts. The
numerical attributes for the occupancy problem were fuzzi-
fied using Yuan’s algorithm [27]. A set of k centers are used
to define the membership function for each linguistic label.
They start being evenly distributed among the numerical
values of the attribute. Then, they are adjusted through an
iterative process to reduce the distance between the cent-
ers and the numerical values. For each numerical attribute
of the occupancy dataset, kK = 5 linguistic labels have been
computed (Very Low, Low, Medium, High and Very High).
In both cases, the training algorithm for FRFs that we have
used to test the proposed method is explained in a previous
work [3].

4.2 Parameter Selection

The main goal of the FRF model update is to improve the
sensitivity results on datasets that are highly imbalanced
towards the negative class. In such problems, it is hard for
the classifiers to detect the positive instances.

In the particular case of the Diabetic Retinopathy dis-
ease, doctors want to improve the detection of patients with
risk of developing DR, that is, improve the sensitivity of the
random forest. Therefore, it is preferred to misclassify non-
DR patients as having the risk to develop the disease (False
Positive), than the other way around (False Negative). This
is due to the very bad consequences of not detecting DR on

Table 3 Diabetic retinopathy

o Method Vote Update VO Vi V2 V3 V4
sensitivity results

N M N 74.2 71.5 80.4 81.7 -
N M Y 74.2 71.5 79.2 80 -
N w N 74.6 71.5 81.7 82.1 -
N W Y 74.2 71.5 79.2 79.2 -
E M N 74.2 78.3 80.8 84.6 854
E M Y 74.2 78.3 81.2 86.7 87.1
E W N 74.6 77.1 81.7 84.6 87.5
E W Y 74.2 78.3 82.9 85.8 86.3
A M N 74.2 78.3 79.6 85.8 87.9
A M Y 74.2 78.3 81.7 87.5 90
A W N 74.6 77.1 81.7 83.8 88.7
A w Y 74.2 78.3 83.3 86.7 91.7
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Table4 Diabetic retinopathy Method Vote Update Vo Vi V2 V3 V4
specificity results
N M N 81.7 78.7 78.4 782 -
N M Y 81.7 78.7 78.1 77.5 -
N w N 81.5 78.6 79.4 78.6 -
N W Y 81.7 78.6 78 77.4 -
E M N 81.7 79.4 81.2 84.2 86.6
E M Y 81.7 79.4 81.2 83.7 87.7
E w N 81.5 79.1 80.9 83.9 86.1
E w Y 81.7 79.4 83 87.5 91.5
A M N 81.7 79.4 80.8 83 83.2
A M Y 81.7 79.4 80.4 83 83.5
A w N 81.5 79.1 81.1 82.9 84.2
A w Y 81.7 79.4 82.3 84.7 84.4
Tab'ftf' Occupancy sensitivity Method  Vote  Update VO Vi V2 V3 V4 V5 V6
results
N M N 747 747 759 762 765 765 765
N M Y 747 747 762 162 765 762 762
N w N 747 747 711 762 768 765 765
N w Y 747 747 768 762 765 762 762
E M N 747 759 759 78 789 815 884
E M Y 747 759 762 836 866 845 833
E w N 747 759 765 768  80.1 821 875
E w Y 747 759 765 827 86 872 854
A M N 747 759 768 7192 83 887 827
A M Y 747 759 768 848 893 869 869
A w N 747 759 768 7186 807 827  89.6
A w Y 747 759 777 851 857 929 869
Tab'ftG Occupancy specificity  nfaod — Vote  Update VO Vi V2 V3 V4 Vs V6
results
N M N 876 855 846 844 855 839 838
N M Y 876 855 846 844 838 844 841
N w N 876 856 845 843 854 838 838
N w Y 876 856 845 843 854 843 844
E M N 876 854 848 875 904 889 836
E M Y 876 854 846 887 882 88 91.3
E w N 876 869 846 865 8.6 902 858
E w Y 876 871 874 862 912 838 923
A M N 876 854 8.7 858 8.1 789 8.1
A M Y 876 854 843 821 852 845 839
A w N 876 869 844 858 83 824 759
A w Y 876 871 867 884 89 84.1 846

time, which produces a degradation of the vision that may = a. After performing an empirical experimentation [28],

even cause total blindness. the percentage was fixed to p = 10%, and the weight in the

The update method has two parameters: the percentage  balanced accuracy to a = 2/3. The experiments showed
of trees changed at each iteration, p, and the balancing fac-  that for p < 10% the changes on the model were not sig-
tor in the calculation of the weighted balanced accuracy,  nificant whereas, for higher values, the model suffers too
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many changes and becomes highly unstable. Regarding the
parameter a, the value 2/3 showed a good trade-off to prior-
itize the improvement of the sensitivity performance without
worsening the specificity.

The same parameters were used for the occupancy data-
set. Again, in this problem the minority class is the positive
one, and sensitivity is the main target, as the goal is to detect
if there are people in the room or not.

4.3 Results

This section presents the results of the experimentation with
the two datasets. We have tested the different configurations
of the method, which include:

e The data used in the updating method: NoError (N),
ErrorLT (E) or AllData &ErrorLT (A);

e The voting method: majority (M) or weighted (W) voting,

e Whether the metrics are updated at each iteration (Y) or

not (N).

This leads to 12 possible configurations. The obtained sen-
sitivity and specificity results from the Diabetic Retinopa-
thy dataset can be seen in Tables 3 and 4 respectively. The
results obtained from the Occupancy dataset can be seen in
Tables 5 and 6.

The columns Vx denote the different new validation sets
of data received in each iteration. Note that the NoError
method in the DR dataset has one iteration less than the
other configurations. This is due to the fact that this method
has less samples because its data are not expanded using the
error samples from previous iterations.

A first analysis can be performed on the overall results.
The best ones on each table are marked in bold. NoError
is the method obtaining the worse improvements in both
sensitivity and specificity. The highest improvements in sen-
sitivity and specificity, in both datasets, are obtained by the
AllData &ErrorLT and ErrorLT methods respectively.

It can be observed that accumulating the data received in
the previous iterations (in the AllData &ErrorLT method),

Table 7 Method summarized improvement results

Dataset Method Sensitivity (%) Specificity (%)
Diabetic retin- NoError [6, 8] [—4,-3]
opathy ErrorLT [11,13] [5, 10]
AllData [13, 17] [2, 3]
&ErrorLT
Occupancy NoError [2] [-4,-3]
ErrorLT [9, 14] [-4,5]
AllData [8, 15] [-12,-3]
&ErrorLT

we can further improve the sensitivity, keeping a reasonably
good level of specificity. In contrast, the ErrorLT method
does not improve the sensitivity as much, although it has an
improvement on the specificity.

To further analyze the results, they are summarized below
in three different tables. Each one focuses on one of the fea-
tures of the method: the update method (NoError, ErrorLT
or AllData &ErrorLT), the voting method (majority voting
or weighted voting) and whether metrics are updated or not.
In each table there is the difference between the initial sen-
sitivity and specificity values and the final values in the last
iteration of the method. There are two values in each cell.
The left one is the difference between the worst result and
the initial value. The right one is the difference between the
best result and the initial value. In both cases, the difference
is a percentage, and it is computed flooring the results. This
is performed because the weighted voting has slightly differ-
ent initial results. This range of values represents the mini-
mum and maximum change on the indicator with respect to
the base original model. By analyzing the range of variation
obtained on each of the methods, an overall view of how
each parameter affects the quality of the results can be seen.

In Table 7, there are the results of the different updat-
ing versions. On the DR dataset, we can see that the NoEr-
ror method improves the sensitivity values at the cost of
slightly decreasing the specificity ones. The ErrorLT and
AllData &ErrorLT methods, in contrast, increase both the
sensitivity and specificity values. On the Occupancy dataset,
we can see in all methods improvements on the sensitivity,
but a decrease on the specificity values. Better results of
the sensitivity over the specificity were expected because
of the prioritization of the sensitivity in the balanced accu-
racy calculation. In both datasets, the highest increase of the
sensitivity values was achieved by the AllData &ErrorLT

Table 8 Vote method summarized improvement results

Dataset Vote Sensitivity (%)  Specificity (%)

Diabetic retinopathy ~ Majority [6, 16] [-4,6]
Weighted  [5, 17] [-4,10]

Occupancy Majority  [2, 14] [-5,4]
Weighted  [2, 15] [-12,5]

Table 9 Update metrics summarized improvement results

Dataset Update  Sensitivity (%)  Specificity (%)
Diabetic retinopathy No [7, 14] [-3,5]

Yes [5,17] [-4,10]
Occupancy No [2, 15] [-12,-2]

Yes [2,12] [-4.5]
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I:;ES‘O BA and WBA final Method Vote Update BA RD WBA RD BA OC WBA OC
N M N 79.95 80.53 80.15 78.93
N M Y 78.75 79.17 80.15 78.83
N w N 80.35 80.93 80.15 78.93
N w Y 78.3 78.6 80.3 78.93
E M N 86 85.8 86 86.8
E M Y 87.4 87.3 87.3 85.97
E w N 86.8 87.03 86.65 86.93
E w Y 88.9 88.03 88.85 87.7
A M N 85.55 86.33 82.4 82.5
A M Y 86.75 87.83 85.4 85.9
A w N 86.45 87.2 82.75 85.03
A w Y 88.05 89.27 85.75 86.13

Initial BA RD is 78 and WBA RD is 76.8; initial BA OC is 81.15 and WBA OC is 79

method. This is at the cost of having lower improvements
on the specificity values when compared with the ErrorLT
method. The lowest increase in the sensitivity is in the
NoError method. It also does not have better results in the
specificity. The ErrorLT method has intermediate results.
Sensitivity values are increased, and specificity increases
and slightly decreases on the DR and OC datasets respec-
tively. We can conclude that the use of error samples on the
method gives better results than not using them. Moreover,
AllData &ErrorLT is able to give better sensitivity results
than ErrorLT at the cost of a worse specificity.

Fig.2 Evolution of trees in the 1.0 1
DR dataset. Update metrics on = x(l)
top, no update below i
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The results in Table 8 summarize the results of applying
either majority or weighted voting in the FRF. It can be seen
that the use of weighted voting improves the best result in
the majority voting tests, but it also decreases the worse
value in majority voting tests. After checking the results, the
NoError method is the one which gets worse results using
weighted voting, whereas ErrorLT and AllData &ErrorLT
get better results using it. According to these results, using
the error data is also beneficial when computing the weights
of each FDT.

Table 9 summarizes the influence of updating the met-
rics in each iteration. Updating them keeps similar values

<
-

V2
Iteration

<
w
<
N



International Journal of Computational Intelligence Systems

(2022) 15:74

Page110of16 74

Fig. 3 Evolution of trees in the 1.0 1
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on the sensitivity, whereas it improves the specificity ones.
This update process seems to depend on the other param-
eters of the method. Observing all the obtained results, if a
test configuration not updating the metrics has good results,
the update method is able to improve them even more. The
opposite also occurs, so when the results are not that good,
the updated metrics worsens them.

Finally, on Table 10 we can see the difference in the
results of the last iteration between using Balanced Accu-
racy (BA) or Weighted Balanced Accuracy (WBA) on all the
tested configurations. The WBA is computed with a weight-
ing factor @ = 2/3 as in the proposed method. They can be
compared to the BA and WBA of the base model. In the
Diabetic Retinopathy dataset, BA is around 78, and WBA
is around 76.8, depending on the results of the weighted
voting. In the Occupancy dataset, the BA is 81.15, and the
WBA is 79.

As expected, NoError has the worst results, which are
really similar to the base ones in both BA and WBA. When
comparing ErrorLT and AllData &ErrorLT, the final results
of both methods are quite similar in terms of the BA. But, as
seen in the previous tables, they balance differently the sen-
sitivity and the specificity. AllData &ErrorLT has a greater
increase in sensitivity than ErrorLT, but the increase in
specificity is not as high. This is also shown in the WBA,
which is greater than its corresponding BA in the AllData
&ErrorLT, whereas in ErrorLT it maintains similar values.

0.6 1 mmm V4

V2 V3 V4 V5 V6
Iteration

4.4 In-Depth Analysis of the Results

To understand how the proposed method modifies the FRF
model, a more detailed analysis of the trees has been per-
formed. The selected configuration for this study is the All-
Data &ErrorLT method and weighted voting, because it is
the configuration that makes more changes to the FRF dur-
ing its execution. The analysis includes the cases of updating
and not updating the metrics after each iteration, because
the update metrics setting produces even more changes to
the FRF.

The first analysis, which we can see in Figs. 2 and 3,
shows the percentage of trees generated in each iteration
that belong to the updated FRF. It can be seen that updating
the metrics results in replacing more FDTs from previous
iterations than without updating. When there is no update,
in the last iteration a 50% and 60% of the trees are kept from
the base model in the diabetic retinopathy and the occupancy
datasets respectively. This percentage is lowered to 40% and
30% when metrics are updated. As a consequence of this
difference, more trees generated in subsequent iterations are
present in the last iteration. Despite this difference in both
configurations, in general it does not occur that trees are
added on one iteration and removed in the following one.
That means the trees being incorporated in the FRF are in
fact better trees than the removed ones.

@ Springer
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Table 11 Results with original, iterative and extended datasets

Dataset Sensitivity Specificity F1-score
Base DR 74.6 81.5 61.8
Extended DR 79.2 78.6 61.8
Iterative DR 91.7 84.4 74

Base OC 74.7 87.6 67.2
Extended OC 75 85.7 65.2
Iterative OC 86.9 84.6 70.6

The second analysis consists on generating a histogram
for each iteration. In each of them, we are plotting the bal-
anced accuracy of each tree on the updated FRF. It can be
seen in Figs. 4 and 5. When the balanced accuracy is not
updated, the initial value computed using the out-of-bag
samples is maintained during all iterations. This is why the
values increase at each of them, because the worst trees on

Iteration

the lower values are being removed, and trees with higher
values are being added.

In contrast, when the weights are updated, all the values
are recomputed at each iteration. At first sight it would seem
their results are worse, because the values start decreasing.
But considering they are recomputed using new data, the fact
they start increasing after some iterations proves they are
better. Being able to increase the balanced accuracy when
using different data each iteration, means the trees generalize
better, which ends leading to better results.

The following analysis only includes the tests updating
the metrics, as the final results are better than not updating
them. In the third analysis, which can be seen in Fig. 6, there
are the confusion matrix values obtained on the test set after
each iteration. In the diabetic retinopathy dataset, the true
positives and true negatives increase, and the false positives
and false negatives decrease. Moreover, the changes are
gradual during all the update iterations. In the occupancy
dataset, the results are similar, with the exception that the
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true negatives decrease and the false positives increase. Even
though these results are not as good as the ones obtained on
the diabetic retinopathy dataset, the detection of positive
samples has improved, as desired.

The last analysis, illustrated on Fig. 7, shows the evolu-
tion of the accuracy, specificity, sensitivity and precision of
the updated model in the test set after each update iteration.
As expected looking at the confusion matrix results, the met-
rics on the diabetic retinopathy dataset gradually improve
during all iterations. Moreover, the sensitivity is the metric
which increases the most, as desired. The occupancy results
could also be expected. The sensitivity gradually improves,
and the specificity ends slightly decreasing. Even though it
is not as desired as improving both metrics, it is still desired
for our use case.

The final test shown in Table 11 compares three models.
The initial one uses only the first dataset, called Base. A
second dataset contains the base training data and also all
the validation datasets together. This Extended dataset is
used to train a unique model from scratch. The third one is
the proposed iterative algorithm. To make a fair comparison
with the iterative update method, the weighted voting is also
used. And because the last iteration of the update process
has more than the 100 trees of the Base model, the Extended
datasets are trained with the same number of FDTs, 127 in
the diabetic retinopathy dataset and 136 in the occupancy
dataset.

The results in Table 11 show that the use of the extended
training data gives a better sensitivity and slightly worse
specificity than the base models. In contrast, the iterative
update method increases in great measure the sensitivity
values, whereas the specificity also increases in the diabetic
retinopathy dataset, and slightly decreases in the occupancy
dataset.

Even though the Extended tests use all the available data
and additional FDTs compared to the Base tests, their results
are similar, as their F1-scores show. In contrast, the F1-score
of the proposed iterative method is greater. Because of the
use of the same amount of data and FDTs than the Extended
tests, we can say that the proposed method is able to improve
the performance of the FRF model.

5 Conclusions and Future Work

The method presented in this paper is able to update a Fuzzy
Random Forest in an iterative manner. It allows using newly
incoming data to improve the Fuzzy Random Forest model,
without having to retrain it from scratch.

It has been tested using data from two different domains:
the assessment of the risk of developing diabetic retinopathy,

@ Springer

and the occupancy of an office room. Both of them are highly
imbalanced towards the negative class, and the base results
show a better detection of this class (higher specificity than
sensitivity). Moreover, the diabetic retinopathy problem is
also inherently ambiguous, given that very similar samples
can belong to different classes.

When tested on both datasets, the method has proven to
improve the detection of the positive class. Moreover, the
detection of the negative class has maintained similar accu-
racy values, or they have even been improved. The method
seems suitable to improve a Fuzzy Random Forest model
when new data are available.

In the diabetic retinopathy case, it has been tested using
real data of diabetic patients. The proposed method leads
to improvements on the assessment of diabetic retinopathy
risk, which can help to avoid unnecessary screenings on
patients and to reduce the workload of the ophthalmologists.
The available resources can also be distributed among the
patients, focusing on the ones that really need them.

As future work, we plan to test the proposed method on
other domains. We want to study how the use of different
metrics affects the results. We would like to consider other
domains with different configurations (balanced datasets,
using non-fuzzy datasets or other evaluation metrics).

We would also like to add some control mechanisms to
check the update process. It would allow to discard updates
if they are not improving the Fuzzy Random Forest as
expected, or tune them in order to obtain even better results.
We should also control the number of samples added in
the AllData &ErrorLT method, to avoid accumulating too
much data in an iteration. After a certain number of itera-
tions, the accumulation should be stopped and a reset made
to the set of accumulated data. Even it may be application
dependent, we would like to study how to find a suitable
number of iterations and a way to discard the less useful
ones. This analysis would also let us study the convergence
of the method after some iterations.
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