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 
Abstract: Social media & e-commerce has opened up the doors 

for human behavioral analysis in ways which were not possible 
before. Companies have the ability to track user’s mood and 

suggest advertisements which can trigger buying decisions based 
on it. This is possible due to user’s real time social media updates. 

Users nowadays are willing to provide information like their 
location, their age, nearby friends information, their mood, their 
buying patterns, etc. Companies do not intentionally collect all 
this information, but it has become a matter of social pride to post 
it as social media status and updates. The information available 
can be put to use in multiple forms- predict election results, movie 
success, product liking/disliking, travel destination 
recommendation, health care, etc. In our work, we utilize this 
textual information posted by different users and analyze their 
depression level focusing on negative sentiments. In order to 
perform this task, we have considered user’s tweets, any links 

which they might have posted, the time of the tweet, their age 
group and any previous depression history of the user. All these 
parameters are given to a novel fuzzy decision tree that uses 
sentiment analysis and game theory-based scoring in order to 
evaluate the depression score for the user. We analyzed the system 
on different real-time users, and observed that the system predicts 
depression level with more than 90% accuracy. Our work can be 
used to generate a prototype to identify if a person is in a 
depressive state and figure out the intensity of his/her depression. 

Keywords: Depression, Fuzzy Decision, Game Theory, 
Sentiment Analysis.  

I. INTRODUCTION 

In today’s digital era, people know each other majorly via 

social media updates. There is a huge tectonic shift from 
personal communication to social status-based observation 
due to which personal communication has taken a big hit. 
Different classes of people are seen on social media like 
observers, moderate users and active users. Observers are 
mute spectators, affected by social insecurity, whose buying 
& outing patterns are directed by what they see.  
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Moderate or low-profile users post less frequently but get 
depressed when others follow them. Active users, post 
minute-to-minute updates and get depressed if their posts do 
not get enough attention on social media. Apart from these 
social media-based depression, personal and professional 
problems also lead to depression. In depression, users isolate 
themselves and resort to social media for attention and 
comfort. Posts from such people showcase their mood and 
actions, while in depression. Twitter and Snapchat, are new 
micro-blogging platforms for showcasing emotions. Thus, in 
our work, we utilize the textual information posted by 
different users and analyze their depression level focusing on 
negative sentiments. Thereafter, we combine the concepts of 
sentiment analysis, game theory and rule engine in order to 
develop an accurate state-of-the-art depression analysis 
algorithm.  The details of the algorithm are given in section 3 
of this paper. Section 4 deals with result of the proposed 
algorithm and comparison with state of art methods. Finally, 
we conclude with some interesting observations about the 
proposed algorithm and suggest methods to improve the 
same. 

II.  LITERATURE REVIEW 

    Previously various researchers have worked towards 
improving the performance of depression recommendation. 
One of these works is mentioned in [1], where authors have 
used speech, textual data with support vector machines 
(SVM) to perform sentiment analysis. They use WordNet 
Affect and SentiWordNet for language processing and pitch, 
energy, formants, intensity & zero crossing rate (ZCR) 
features for sound processing to claim 81% accuracy, which 
can be further improved using deep learning algorithms like 
deep-nets and Q-learning. Their work can be used for 
depression analysis by appending their results to our fuzzy 
rule base. Another interesting work in this field is done in [2], 
wherein YouTube movie reviews are used to perform 
sentiment analysis. Using multi-modal analysis system, they 
achieved an accuracy of more than 60% for a large dataset. 
Their research can therefore be used for moderate to large 
datasets in order to predict sentiment values.  
    The work done in [3] uses visual information with textual 
features in order to improve the accuracy of sentiment 
analysis and audio data to analyze user’s emotional state. 
They have used convolutional neural networks (CNN) for 
classification which further uses a multi-kernel model in order 
to perform effective classification. Their work is able to 
detect emotions like angry,  
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happy, sad & neutral with a high accuracy of more than 70% 
which can be further improved by using spiking neural 
networks. An interesting review about different accuracy 
improvement techniques can be read from [4].  
From their review it is inherent that radial basis function 
neural network combined with conditional random field 
theory can be an effective combination for classifying any 
signal source and attaining high accuracy levels. In [5], a deep 
learning model - Deep Boltzmann Machine (DBM) is utilized 
to classify textual data, audio data, visual data and improve 
the accuracy of sentiment analysis. These 3 analyses are then 
merged and a final result is generated and compared. The 
proposed method outperforms all with an accuracy of more 
than 75%. Hence designers must use DBM method to design 
their systems. 
    Work done in [6] proves that only text-based depression 
analysis systems can also provide good accuracy, when used 
in proper contexts. Researchers used Google Cloud Natural 
API to obtain results that were more than 80% accurate across 
both real-time and static datasets. This engine can be 
recommended as a validation engine. Researchers in [7] have 
used Distributional Semantic Models for effectively 
analyzing depression from input data along with bi-grams, 
tri-grams, and N-grams to improve the accuracy of sentiment 
analysis to more than 80%. 
    Fusion-based systems are also prevalent in sentiment 
analysis. For instance, the work done in [8], utilizes a text, 
speech along with SVM-based classifier for evaluation of 
depression to achieve more than 45% accuracy. The work is 
very basic, but can be used as a start-point for any research in 
this area. In [9] also, text, audio and video are combined 
together in order to train a CNN. Features like N-grams, 
mel-frequency components, color maps are evaluated for text, 
audio and video respectively. They attained worst-case 
accuracy as 70% and more than 85% in some cases. Thus, can 
be used with DBN to further improve the worst-case 
performance. A similar work is done in [10], wherein 
bio-inspired algorithms with multi-modal data use a cognitive 
and a perception module to get same accuracy as [9].  As 
application-specific systems, work done in [11] uses tweets 
with audio and visual data to detect depressive traits. This 
work closely matches the work done by us in this paper. The 
authors in [11] have used same algorithms as in [10], learned 
and tried to improve the accuracy to be more than 90% at 
times. A detailed survey about multi-modal systems is 
presented in [12], which makes it clear that deep-learning and 
machine-learning models pave the way for further 
development. In fact, our work on fuzzy rules is also inspired 
by [10] & [11], which have proved the effectiveness of 
machine learning for sentiment analysis. 
    Video-based sentiment analysis is done in [13] using 
deep-learning techniques to gain accuracy of more than 60%. 
Multi-modal and application specific systems are studied in 
details in [14-16]. Tensor fusion-based approaches are 
discussed in [17], on the basis of intra-modality and 
inter-modality dynamics which allow for real-time 
applications in sentiment analysis with an accuracy of more 
than 65%. Further, the tensor-based systems can be improved 
with the help of DBN and CNNs for a better accuracy. Similar 
studies are done in [18-20], wherein methods like anxiety 
analysis, deep-learning and AI are proposed. From the 
review, we are able to identify that deep-learning and 
machine-learning techniques like DBN & CNN are most 

effective for depression analysis, but limited work has been 
done on fuzzy-rule-based systems. Thus, this work proposes a 
machine learning-based fuzzy-rule-based system. The system 
and its details are described in the next section. 

III. PROPOSED FUZZY-RULES-BASED DEPRESSION 

ANALYSIS PROTOCOL 

The proposed fuzzy-rules-based depression analysis 
algorithm uses twitter text data, links posted by users during 
tweeting, their age group and other user-specific parameters. 
The algorithm can be explained using the following steps: 
1. Read the tweets from the dataset, and obtain the following 

parameters for the tweet, 
a. Tweet text (Tt) 
b. Any links which the tweet is referring to, and the 

title of that particular page (Lt) 
c. Timestamp of the tweet (Ts) 
d. Age group of the user (Ag) 
e. Previous user depression score (Sd) 

2. Combine Tt and Lt into a single entity, let this combined 
tweet be called as Ct 

3. Apply Fuzzy Decision tree (FDT) on Ct, in order to check 
the emotional state of the user during the tweet Ct, let this 
emotional state be called as Es 

4. Due to the nature of FDT, the emotional state will have the 
following 5 classes, 

a. Not depressed (C1) 
b. Somewhat depressed (C2) 
c. Moderately depressed (C3) 
d. Depressed (C4) 
e. Highly depressed (C5) 

5. The classes C1 to C5 are evaluated based on the occurrence 
of depressive words in the entity Ct 

6. Divide the age group into the following categories (the age 
division is done on the basis of general trends of person’s 

sensitivity to take things casually), 
a. Highly sensitive group (G3, from 13 to 18, and 

55 & above) 
b. Moderately sensitive group (G2, from 19 to 25, 

and 48 to 54) 
c. Lower sensitive group (G1, from 26 to 47) 

7. Divide the tweet time into the following groups, 
a. Non-depressive tweet timing (T1, 5:00 A.M. to 

3:00 P.M.) 
b. Slightly depressive tweet timing (T2, 3:00 P.M. 

to 6:00 P.M.) 
c. Moderately depressive tweet timing (T3, 6:00 

P.M. to 11:00 P.M.) 
d. Highly depressive tweet timing (T4, 11:00 P.M. 

to 5:00 A.M.) 

8. Use Table- I rules to evaluate the actual user’s depression 

score: 
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Table- I: Fuzzy Rules Table 
Sr. 
No. 

Emotional State Age group 
Tweet 
Time 

Sd(i+1) 

1 C1 X X Sd 

2 C2 G1 T1 Sd 

3 C2 G1 T2 Sd 

4 C2 G1 T3 Sd 

5 C2 G1 T4 Sd+1 a 

6 C2 G2 T1 Sd 

7 C2 G2 T2 Sd+1 a 

8 C2 G2 T3 Sd+1 a 

9 C2 G2 T4 Sd+2 a 

10 C2 G3 T1 Sd+1 a 

11 C2 G3 T2 Sd+1 a 

12 C2 G3 T3 Sd+2 a 

13 C2 G3 T4 Sd+2 a 

14 C3 G1 T1 Sd 

15 C3 G1 T2 Sd 

16 C3 G1 T3 Sd+1 a 

17 C3 G1 T4 Sd+1 a 

18 C3 G2 T1 Sd 

19 C3 G2 T2 Sd+1 a 

20 C3 G2 T3 Sd+2 a 

21 C3 G2 T4 Sd+2 a 

22 C3 G3 T1 Sd+1 a 

23 C3 G3 T2 Sd+1 a 

24 C3 G3 T3 Sd+2 a 

25 C3 G3 T4 Sd+3 a 

26 C4 G1 T1 Sd 

27 C4 G1 T2 Sd+1 a 

28 C4 G1 T3 Sd+1 a 

29 C4 G1 T4 Sd+2 a 

30 C4 G2 T1 Sd+1 a 

31 C4 G2 T2 Sd+1 a 

32 C4 G2 T3 Sd+2 a 

33 C4 G2 T4 Sd+2 a 

34 C4 G3 T1 Sd+1 a 

35 C4 G3 T2 Sd+2 a 

36 C4 G3 T3 Sd+2 a 

37 C4 G3 T4 Sd+3 a 

38 C5 G1 T1 Sd+1 a 

39 C5 G1 T2 Sd+2 a 

40 C5 G1 T3 Sd+3 a 

41 C5 G1 T4 Sd+4 a 

42 C5 G2 T1 Sd+2 a 

43 C5 G2 T2 Sd+3 a 

44 C5 G2 T3 Sd+3 a 

Sr. 
No. 

Emotional State Age group 
Tweet 
Time 

Sd(i+1) 

45 C5 G2 T4 Sd+4 a 

46 C5 G3 T1 Sd+3 a 

47 C5 G3 T2 Sd+4 a 

48 C5 G3 T3 Sd+4 a 

49 C5 G3 T4 Sd+5 a 

a. Increment in the depression score (Sd) takes place with increasing levels of emotional state classes/age 
group/time zones considered for the algorithm 

9. Repeat steps 1 to 8 for all the ‘n’ tweets pertaining to the 

user 
10. Evaluate the final score for the user using following 

equations: 
                             (1) 

                            (2) 

11. Decide a threshold value for the score, and check if the 
given score is above that threshold (generally this should 
be around 1.5) 

12. Divide the score level which are above threshold into 
further ranges in order to evaluate the depression level as 
given in Table II. 

 
Table- II: Final score thresholds for depression 

analysis 
Score Depression Level 

Below 2 On the verge of depression 

Between 2 to 3 Depressed 

Between 3 to 4 Highly depressed 

Above 4 Needs counselling 

 
  The above algorithm was tested on different number of 
tweets and on different age groups of people, and it was 
observed that the algorithm is able to detect depression 
levels with good accuracy. The result analysis of the 
proposed algorithm is given in the next section. 

IV. RESULT EXAMINATION  

In order to perform result examination, we took data from 
different users, and analyzed their tweets when they were in 
different moods. Based on this analysis, we evaluated the 
depression score of the users via our algorithm and evaluated 
the precision and recall values. These values were averaged, 
and compared with other standard algorithms in order to 
evaluate the performance of our algorithm. 

    The dataset was collected manually, by using the Twitter 
API for tweet fetching of tweeter users/well-known 
personalities, and based on that the true depression class was 
added to the dataset. For validation, we collected data for 
Shaheen Bhatt who recently came out with her book “I've 

never been (Un)happier”. Her book narrates her fight with 
Depression throughout her life. She is more of an Instagram 
user than a twitter user which made us collect messages from 
Instragram, twitter and transcript her interviews available on 
social media.  
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Also, we extracted her age via Google, in order to collect 
the complete data required for our algorithm to function. Our 
proposed algorithm, correctly predicts Shaheen Bhatt to be 
“on the verge on depression” since depression has affected 

her on and off, which is in-line with her medical condition as 
well. Fig. 1. graphically depicts the result for Shaheen Bhatt’s 

tweets being analyzed with a final score to be “Below 2”. 
 

 

Fig. 1. Depression Score vs. Tweet Number for user 

Parameters like precision and recall were evaluated for the 
proposed algorithm using the following formulas: 

 

            (3)         

   (4)  

The following results were obtained after running the 
algorithm for different number of tweets: 
 
Table- III: Comparison of precision and recall values for 

different number of tweets 
Number of Tweets Precisio

n 
Recal

l 
10 0.8 0.8 

20 0.85 0.8 

30 0.85 0.85 

50 0.90 0.88 

100 0.91 0.9 

150 0.93 0.9 

200 0.94 0.91 

250 0.94 0.91 

300 0.95 0.93 

 
    Based on these values, we can observe that the precision of 
the proposed algorithm increases linearly with an increase in 
the number of tweets. We evaluated the mean values of the 
precision and recall parameters, & compared it with the 
existing algorithms [CMP1] [CMP2], and obtained the 
following results: 
 
 
 
 

Table- IV: Performance comparison with other algorithms 
Algorithm Precision Recall 

Multinomial Naïve Bayes [CMP1] 0.77 0.77 

Random Forest [CMP1] 0.81 0.8 

Gradient Boosting [CMP1] 0.79 0.77 

Ensemble Vote [CMP1] 0.85 0.85 

Multinomial Naïve Bayes 2 
[CMP2] 

0.836 0.83 

Support Vector Machine [CMP2] 0.8 0.79 

Proposed Fuzzy rule-based 0.95 0.93 

V. CONCLUSION 

    From the results shown in Table-IV, it is clear that the 
proposed algorithm performs at-least 10% better than the 
existing state-of-the-art techniques, and thus can be used for 
real-time social media-based depression analysis. The 
performance of the system can be improved by considering 
large number of tweets and allowing the model to learn. 

VI. FUTURE WORK 

Presence of AI and machine learning (ML) in the current 
work will improve upon the overall accuracy and precision 
values. The ML based techniques like Q-learning and 
re-enforcement learning will allow for better performance due 
to the incentive-based classification mechanism, while 
deep-nets will get better precision and recall values due to 
their superior pattern analysis and classification performance. 
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