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Abstract. This paper presents the design of a tool that functions in aid of depres-
sion diagnosis. The system is based on the ANFIS neuro-fuzzy model and will
classify the patients into the depression level in which they are found (sane. low.
moderate or severe). based on the symptoms shown by the patient. The evaluations
of the patients took place in clinics and one doctor's office in the city of Guadala-
jara. Jalisco. The proposed system is composed by four stages: the first being the
generation of a database by an expert. In the second stage, the most relevant fea-
tures entered into the database are selected. The third phase is to carry out the
fuzzy classification. During the fourth and final stage. the membership functions
are optimized with a hybrid model in order 10 obtain the final diagnosis. The re-
sults show that the system works efficiently. with 96% accurately classified exam-
ples.

1 Introduction

Just like many other disorders. depression is a sickness with a series of causes.
physiopathological mechanisms. and a specific clinical profile, and for which there
are strategies 1o its identification and treatment.

Nowadays. the increase in depression cases has made a great number of re-
searchers join forces in order to better know this problem.

Since 1997. new systems that involve neural network [9] have been developed
for the diagnosis of depression. These systems determine whether the person shows
depression, schizophrenia. or neurosis (or if he/she is mentally sane). each one of
these illnesses being well defined. This is in contrast to the present project in which
one of the four degrees of depression is diagnosed. with an overlap existing among
the four sets of data. With the expert System for the Diagnosis of Dementia and De-
pression [12] a similarity occurs. Both depression and dementia contain well-defined
sets of data: besides the decision rules used by the system were derived from the
published hists of clinical {features which distinguish depression from dementia.

Likewise CompTMAP [14] handles patients with some of the most important
disorders: schizophrenia. bipolar disorder. and major depressive disorder. It is an
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automated algorithm designed to be used by psychiatrists and doctors of primary
care. although it does not provide a diagnosis.

With other systems. such as EasyDiagnosis Depression, [6] the patient answers a
survey via Internet in a subjective manner. making the information obtained unreli-
able in contrast to this system in which the specialist is present 1o assess the behav-
jor of the patient and thus the reliability of the answer. Apart from this, EasyDiagno-
sis makes no diagnosis: it simply follows an order based on probability of the
illnesses or the conditions based within its internal logic and the answers given to
the questions.

Another system similar to ours is Salomon 2 [4] which determines the relative
intensity of depression as measured by the feature symptoms of fixed depressive
episodes, based on the scientific criteria of the classification scale ICD-10 [15], the
Hamilton Scale [3] and fuzzy logic. In this system, the information is given by the
patient; thus, just like other systems previously presented, the information is subjec-
tive.

Other ANFIS diagnostic systems have been developed; nonetheless they have
been made for the diagnosis of different illnesses. [10, 11, 13].

Because of the value of making a precise diagnosis and the advantages that Soft
Computing technology offers, this project consists of the development of a back-up
system for the process of the depressive level diagnosis of a patient, with the end us-
ers being psychiatrists, psychologists or primary assistance doctors whose timely di-
agnosis will be very important for the treatment of this illness.

Diagnosis is the process of determining the stage of an illness, based on its fea-
tures and the patient’s condition. The process of decision-making consists first of
creating hypotheses, and then determining which one is the most likely to be true,
according to the symptoms and signs shown by the patient. A problem of classifica-
tion also occurs when assigning each diagnosis hypothesis a type.

The patients were 431 adults of both sexes (ranging in age from 18 10 65 years
old) who were interviewed consecutively by the psychiatrist while attending ses-
sions. We also attempted 1o have the database as balanced as possible, according to
the number of patient cases which corresponded to each of the four classes or diag-
noses.

The system uses a fuzzy inference model based on adaptive networks from a
specific diagnosis of the patient’s depressive level (sane, low, moderate, or severe),
based on the most representative symptoms of the illness. The system is based on
knowledge acquired from real diagnosed cases. The ANFIS model has been used as
a solution to the problem given due 1o the fact that fuzzy logic eases the handling of
the imprecise and subjective knowledge used 10 evaluate the symptoms of a depres-
sive patient where the linguistic labels are qualitative (input variables). This model
allowed us 1o obtain a set of inference rules to determine the diagnosis (output vari-
ables). The tool used for the development of the system was Fuzzy Logic Toolbox
from MATLAB 7.0 of MathWorks Inc. which includes an important cluster of algo-

rithms used in fuzzy logic; amongst others is the ANFIS technique which contains
five graphic editors for each phase of the design and analysis of the system.



Depression diagnosis using ANFIS model 165

2 Neuro-fuzzy Models and ANFIS
2.1 Neuro-fuzzy models

Neuro-fuzzy models are characterized because we try 10 use with them the ad-
vantages of neural networks and fuzzy logic models. Neural networks provide learn-
ing capacity and ability for generalization: on the other hand, fuzzy logic provides a
logical reasoning based on inference rules. So. in applications where information
comes from different sources. such as a numerical onc and where there are also data
that present features like imprecision. uncertainty. subjectivity, etc.. a neuro-fuzzy
model is recommended in order 10 obtain the maximum benefit of the available in-
formation. and to try to incorporate all the possible knowledge related to the prob-
lem.

The most important reason to combine fuzzy systems and neural networks is the
learning capacity of the latier ones. because such combinations have the ability to
learn linguistic rules or membership functions. or 10 optimize the available ones.
Learn: in this case. means 10 create a rule base or membership functions based on
training with a set of data values presented 10 these models [7, 8]. In order to build a
set of fuzzy rules, at least the initial membership functions must be defined.

2.2 Adaptive Neuro-based Fuzzy Inference System (ANFIS)

The neuro-fuzzy selected architecture for the development of this project is an
adaptable neuro-fuzzy network. called ANFIS, which has been developed by Jang in
1993 [5]. This architecture is functionally equivalent to a fuzzy inference system
that can be built from the relations between input and output values of a data set. In
this inference system, ANFIS tunes the membership functions during the training
process of the model. For the initial estimation of these parameters it is possible to
use the subtractive clustering method [2]. Fuzzy rules are based on the Takagi-
Sugeno inference method. and the conclusions are polynomial functions.

Due to the ease of result interpretation and 1o its capacity of learning, ANFIS is a
good candidate for our classification problem. Besides, we are also interested in us-
ing the information and knowledge provided. not necessarily expressed in a numeri-
ca] way, but through logic rules and values that help 10 a better understanding of the
system behavior.

The data set has the classes of each one of the examples, a reason for doing su-
pervised learning and with disregard of the clustering algorithms for the preliminary
estimation of the data set classes.
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3  System description

3.1 Generating the database

From the instruments available which aid diagnosis. we chose to apply the het-
ero-administrated Hamilton scale [3]. This scale evaluates the symptoms and de-
pressive signs of the patients. determining the presence of depression and its sever-
ity. It consists of an assessment test based on the items shown in a depressed patient
according 10 the criteria of DSM-IV, and it is applied by capable, trained and spe-
cialized personnel.

When planning the fuzzy model. we determined that the most convenient scale
would have 1o handle as few input variables as possible. As a consequence, the sys-
tem would be optimal and more efficient. There is a six-item version in the Hamil-
1on Scale. and according 10 research, its efficiency is similar to, and in some cases
even superior to, versions of 17 and 21 items. It is a valid. reliable, brief, concise
and quickly-applied indicator: ideal for evaluating the symptomatic intensity of de-
pression wherever longer version applications are not possible.

The psychometric equivalence among HDRS-6. HDRS-17 and HDRS-21 en-
hances the possibility of introducing it in primary assistance [1]. The scoring goes
from 0 to 4 points according to the item studied, with the highest value given ac-
cording 1o the severity of the symptoms. HDRS-6 consists of a survey of five ques-
tions scored from 0 10 4 and one scored from 0 to 2. The nature of the items is quali-
tative variables. Table 1 shows the six input variables and the sum of the scores. The
output diagnosis is shown in Table 2. Therefore, we created the database according
10 the results of the Hamilton scale application that the expert psychiatrist filled in,
based on the observations. interviews, and processing of the depressive diagnosis of
43] patients.

Table 1. Number. name and score range of each input variable.

Input variable Input variable name Score range
number
] Mood of depression 0-4
2 Feelings of guilt 0-4
3 Work and activities 0-4
4 Mental impairment 0-4
5 Psvchic anxiety 0-4
6 General somatic 0-2
7 Sum of scores 0-22
Table 2. Output variable.
Output variable Levels
1 = Sane
2=Low

Depressive level diagnosis S

4 = Severc
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3.2 Features selection

In this stage we obtained the most representative features which allowed us to
classify the patients into one of the depressive illness levels (sane, low. moderate,
severe), that will be the variables to use.

We used the grid method (genfis1) because it works well with the prediction and
calculation of the error of training and testing of each possible combination of vari-
ables, which, in turn, led us 10 learn the best combinations of attributes or the most
representative of these for the score. At first we trained with odd numbers and tested
with evens (Depression opp.gven); then we did the opposite (Depression gven.obp);
obtaining better results in the first option (see Table 3).

In order to measure and compare the performance of the ANFIS model we
evaluated the errors considering the index measure RMSE (Root Mean Squared Er-
ror) defined as:

1 2
RMSE=_—>(v, -0,V
Vw2
Where:
M = Total amount of data
o)

m = Observed data

Y’" = Predicted data

The input variable that showed less error in individual mode was the 7", where
the training and testing RMS Error were 0.29, as shown in Table 3. In this chart,
the best combinations for two and three variables are also shown. The remaining
combinations originated major errors.

Table 3. Input variables combinations which showed less error (Depression opp.gvEN)-

Input variables - .RMSE
Training Test
7 0.29 0.29
1 7 0.28 0.29
2 7 0.28 0.29
3 7 0.28 0.29
4 7 0.28 0.29
6 7 0.27 0.28
1 2 7 0.25 0.27
3 6 7/ 0.26 0.27

For the next stage. the trainings were made considering only the attribute combi-
nations which showed the least training and proving errors (shaded area).
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3.3 Fuzzy Classification

This phase was carried out with subtractive clustering (genfis2). determining
rules (view Figure 1). centers and sigmas: with the last two parameters we generated
the initial gaussian membership functions (shown in Figure 2).

1 4f {Srtomatologiais toderado) then (Disgndstico is Moderado) (1)
2.1f (Sintometologia is Sano) then (Disandstico is Seno) (1)

3. If (Sintomatologia is Leve) then (Disgndstico is Leve) (1)

4. If (Sintomstologie is Severo) then (Diagndstico is Severo) (1)

Fig. 1. Rules of fuzzy system.

In the subtractive model the parameter that was modified to obtain the four
membership functions was the radius of influence.

———
FIS Variables Vemberehp fnctonpits  PAPRE [ gt
B S0 g Leve M‘odeudo : Severo
YV
D[]

SrtometoiogDagndstico

0 2 4 B 8 10 12 14 16 18 20 2
Input varisble *Sintometologia®

Fig. 2. Initial membership functions.

3.4 Optimization of membership functions

To optimize the Fuzzy Inference System created as the initial structure (previous
stage), we used the backpropagation and hybrid learning algorithms; getting the best
results with the hybrid ones. We started the neural network learning process and we
allowed it 10 evolve through a certain number of iterations until we found the mini-
mum testing error (view Figure 3).

Training Error 5
03 : : el

028/

, 0 100 200 300 400 500  6OC

Fig. 3. Lrror during hybrid learning in 600 epochs or iterations
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The resulting membership functions afier learning can be seen in Figure 4.

FIS Variables penbershs wton i e, ™
seno Leve Moderado Severo |
VAV, g
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SntomatologleDiagnéstico
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input variable "Sntomatologia™

Fig. 4. Optimized membership functions.

Once the final FIS was defined. we verified the functionality of the system. As
the threshold we used the central point between two types. Finally, we evaluated the
answer of the ANFIS obtained from the testing data cluster (see results in the next
section.)

4 Experimental Results

In this section we present the results of the classification of the data base of de-
pression sets. These are based on total of errors and the RMSE. The interest for us-
ing both criteria: total of errors and RMSE, is that they show a different point of
view about the models. and they allow a better selection of the classifier and, par-
ticularly. the selection of a model that generalizes better.

Table 4 shows test results when training took place with odd data and testing
with even data. Therefore, the training took place with 50% of the data, and the test-
ing with the other 50%; the latter being new data (unknown by the system). In Ta-
bles 4 and 5. in the Model column, HIB represents Hybrid and the corresponding
number refers to the epochs or iterations used for the optimization of the member-
ship functions.

Table 5 shows test results when trained with even data and tested with odd data.
In Tables 4 and 5 the best results are shaded. In both cases the influence radio was
0.5. The best result is shown in Table 4, where learning happened through the hybrid
method and 600 epochs or iterations. obtaining as the best result an RMSE test error
of 0.20. corresponding 10 a total of 9 errors out of 215, indicating 4% error.

Table 4. Errors training with odd data and testing with even data.

l Input I Influence T Test
| data el | radio RMSE | o 70
( of errors
7l ANFISyis 600 0.50 0.20 9 4
6-7 ANFISyig 60 0.80 0.25 13 6
1-2-7 ANFISys 137 0.80 0.24 12 S
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Table 5. Errors training with even data and testing with odd data.

Input Influence gLcst
5 Model : Total 5
data Radio RMSE Errors %
3 ANFIS;ip 600 0.50 0.22 10 5
6-7 ANFISyp 0 0.81 0.25 14 6.5
3-6-7 ANFISys xo0 0.83 0.23 11 5

The resulting FIS has been incorporated 1o the system that contains the user in-
terface and the one that will be used by the end users.

The user interface was made considering the expert’s opinion. In Figure 5 we
show the aspect of the system main window. which has a graphic menu containing
the main options to work on. these being: Personal Data, Sympitoms Entry, Evalua-

tion, User Manual and Exit.

Tratay y arteadet @ heiisit
|~

st praaca

Smaticn guascsl Clowocasac wse ke prpris

€ Lo naxd o manend e100E0ed

C Lo comunca por pgreuon oy postaa vl teadrcia o bt

O bagreser vy y no vty

Fig. 5. Symptoms Entry.

The first option. Personal Daia, allows the specialist to enter basic information
that he/she possesses on the patient: such as: name, age. and sex. The data entered
are saved in a file called Diagnosiicos (Diagnoses) 1o be used in a later external con-
sultation by the doctor.

During the interview with the patient. the doctor will ask several questions and
make observations which will allow him/her to answer the survey when he/she
presses the option Sympioms Eniry. There are 5 options for each question. with the
exception of the last question which offers only 3 options. When the doctor finishes
this process he will have 1o press the option Save Score. By doing this. the doctor
will be giving a value 10 each of the symptoms present in the patient (shown in Fig-
ure 5).
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Afier entering the patient’s general data and the depression symptoms present,
the doctor will be able to enter the option Evaluate 10 see the diagnosis obtained by
the system. If the option Open is selected, a window will open, as shown in Figure
6. where an image representing the Input data set of the system will be shown, this
combined with the file Training.FIS will show the result of the patient diagnosis.

In order to see the result, press the option View Evaluation. The results will be
shown as in Figure 7: the log viewer graphically shows the rule activation and the
exit compositions according to the value of the Input variables.

§ Conclusions and future research

In this paper we have presented the application of an ANFIS Neuro-Fuzzy
model. to make a system which will serve as a tool for general doctors and special-
ists in the diagnosis of depressive illness. As we have seen. the selection and train-
ing of the classifier achicves a good percentage of recognition that in the best case
was 96% and had nine errors of the 215 variables input: therefore. it can be consid-
ered a good solution for this kind of application.

The system has been demonstrated as a useful and simple tool 10 aid the doctor
in his/her job. This syvstem does not replace the expert in making a diagnosis; it is
simply a tool to support a decision. because the final diagnosis is in the hands of the
specialized doctor.

TeoFIS supeno

Fig. 6. Opening the training file.
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Fig. 7. Patient’s Evaluated Diagnosis.

Afierwards. the system will include a mechanism to record patient entries, re-

leases. modifications and consultations. making it an added tool to have a better con-
trol of the patient’s record. to obtain statistical reports in order to know the tenden-
cies of depressive levels by considering criteria such as age and sex. The ANFIS
model used in this paper has shown good results. thus future projects could accept
this methodology 1o develop systems for diagnosis of other illnesses related to Psy-
chiatry or Psychology.
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