
echT PressScienceComputers, Materials & Continua
DOI:10.32604/cmc.2022.020264

Article

Cross Intelligence Evaluation for Effective Emotional Intelligence Estimation

Ibrahim Alsukayti1 and Aman Singh2,*

1Department of Computer Science, College of Computer, Qassim University, Buraydah, 51452, Saudi Arabia
2Computer Science and Engineering, Lovely Professional University, 144411, Punjab, India

*Corresponding Author: Aman Singh. Email: amansingh.x@gmail.com
Received: 17 May 2021; Accepted: 18 June 2021

Abstract:A famous psychologist or researcher, Daniel Goleman, gave a theory
on the importance of Emotional Intelligence for the success of an individ-
ual’s life. Daniel Goleman quoted in the research that “The contribution
of an individual’s Intelligence Quotient (IQ) is only 20% for their success,
the remaining 80% is due to Emotional Intelligence (EQ)”. However, in the
absence of a reliable technique for EQ evaluation, this factor of overall intel-
ligence is ignored in most of the intelligence evaluation mechanisms. This
research presented an analysis based on basic statistical tools along with more
sophisticated deep learning tools. The proposed cross intelligence evaluation
uses two different aspects which are similar, i.e., EQ and SQ to estimate EQ
by using a trained model over SQ Dataset. This presented analysis ensures
the resemblance between the Emotional and Social Intelligence of an Individ-
ual. The research authenticates the results over standard statistical tools and
is practically inspected by deep learning tools. Trait Emotional Intelligence
Questionnaire-Short Form (TEIQue-SF) and Social IQ dataset are deployed
over aMulti-layered Long-Short TermMemory (M-LSTM) based deep learn-
ing model for accessing the resemblance between EQ and SQ. The M-LSTM
based trained deep learning model registered, the high positive resemblance
between Emotional and Social Intelligence and concluded that the resem-
blance factor between these two is more than 99.84%. This much resemblance
allows future researchers to calculate human emotional intelligence with the
help of social intelligence. This flexibility also allows the use of Big Data
available on social networks, to calculate the emotional intelligence of an
individual.

Keywords: Emotional intelligence; social intelligence; deep learning; social
IQ dataset; multi-layered long short term memory

1 Introduction

As per the latest statistics of social media, there are 2.77 billion social media users around the
globe. A total of 2 h and 22 min is the average daily time that everyone spends on social media [1].
Daniel Goleman in his book ‘Emotional Intelligence why it can matter more than IQ’ claimed that
Emotional Intelligence can matter even more than the IQ of an individual. As per his research,
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he said that the success of a person will 80% dependent on the EQ of the person and IQ has
only 20% contribution [2]. The theory of social intelligence was given by American psychologist
Edward Thorndike in 1920. He defined it as, “The ability to understand and manage men and
women and boys and girls, to act wisely in human relations” [3]. The inventory system which
is used to calculate the emotional intelligence of an individual is not very efficient to calculate
emotional intelligence [4,5]. The overall average reliability of all the factors is only 63% [6,7]. The
reason behind the lesser reliability factor is the lesser amount of data collected from the inventory
system and poor data analysis techniques [8,9]. As social intelligence and emotional intelligence
have many common features [3,10], so to find out the resemblance between social intelligence
and emotional intelligence, suitable statistical and data analysis tools were used as they have a
greater impact. Based on the previous research on humans’ social and emotional communication
some concrete variables which affect the social and emotional intelligence of an individual were
enlisted including Affection; Expression; Expectation; Ego; Mood and its effects; Dare; Positive
and Negative Sharing; and Insecurity [11].

This research is aimed towards using Trait Emotional Intelligence Questionnaire-Short Form
(TEIQue-SF) for Social Intelligence survey to find out the resemblance between emotional and
social intelligence of an individual [12,13]. Furthermore, the TEIQue-SF1 is again analyzed on
Social-IQ Dataset2 on a deep learning module for more profound analysis [14,15]. The SQ and
EQ-based cross intelligence evaluation used the robustness of the Social-IQ Dataset and the
accuracy of the TEIQue-SF questionnaire. The main contributions of this research are bulleted
as under:

• Deployment of TEIQue-SF questionnaire to check Social Intelligence.
• SQ and EQ survey exploration by various statistical tools including Standard Deviation (σ ),

Coefficient of Variance (CV) and Analysis of Variance (ANOVA).
• Trained a Multi-layered Long-Short Term Memory (M-LSTM) based deep learning

model [16] over Social-IQ Dataset (Question Answer only).
• Tested TEIQue-SF dataset over M-LSTM based trained model. Compare the stability of

the model with Support Vector Machine (SVM), Recurrent Neural Network (RNN) and
Single layered Long-Short Term Memory (LSTM) based Neural Networks.

• Evaluated the resemblance between EQ and SQ for cross intelligence evaluation over various
parameters included in the TEIQue-SF questionnaire.

The subsequent portion of this section elaborates the essential review of literature for the
crisp understanding of EQ, SQ and deep learning.

Review of Literature

Numerous studies have been conducted on various demographical variables that affect the
EQ of an individual in the workplace [17]. The researchers applied various statistical tools
like multiple regression analysis, ANOVA and t-test on the sample data. The sample data was
tested using Revised Self-Monitoring [18], Job Associate-Bisociate Review Index [19], Interper-
sonal Reactivity Scale [20], and Trait Metamood Scale [21]. Based on the hypothesis, and the
resultant outcome of various statistical tools, the study concluded that; female employees are
more emotionally intelligent as compared to male employees while experienced employees are most
emotionally intelligent. Based on Avolio et al. [22], Multifactor Leadership Questionnaire (MLQ-
5X Short) [22–24], and On et al. [24] Self-report Emotional Intelligence Inventory, the sample
data was divided into three different classes based on computed emotional intelligence of an
individual. These three different groups were processed using multivariate analysis of covariance.
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The predictive intellectual of managers to judge their subordinates’ attitude and performance is the
primary concept in the transformation of leadership in the organization; intellectual stimulation
is the more cognitive component than any other components in this study [22,25]. One of the
studies [26] was conducted to check whether abilities and personality traits can be the measures
of Emotional Intelligence and to check that the combination of both can be used to perceive
the quality of one’s interpersonal relationships. The questionnaire-based on Mayer, Salovey, and
Caruso Emotional Intelligence Test (MSCEIT) Version 2.0 [27], was used in this survey based
on three variables i.e., Positive relationship with others, Private & Public Self-Consciousness and
Social Skills. Based on the hypothesis, MSCEIT Version 2.0 gives no relationship between person-
ality traits and verbal intelligence and emotional intelligence and personality traits together predict
social relationships concurrently. Statistical tools, means, standard deviation and the correlation
between MSCEIT and other measures i.e., MOOD [28], Neuroticism-Extraversion-Openness Five-
Factor Inventory NEO-FFI [29], Trait Meta-Mood Scale TMMS [30], etc. were applied. The
calculated results on hypothesis were; MSCEIT was found to be the most efficient method to
calculate the emotional intelligence of an individual based on ability and personality traits; scales
of Self-perceived satisfaction and social relationships were also found to be correlated.

The earlier techniques used to check the EQ of an individual are not very much reliable.
The average reliability of EQ Test Inventories is only 63%. The extensive computational power
of the computer can be used to make it more reliable. Deep learning claims 91% accuracy in
understanding things [31]. So, if a layered Neural Network (deep learning) is used to calculate EQ,
it will improve the reliability of EQ Test Inventories. Further, the growth of the social network
makes sense to calculate the social intelligence of an individual [32]. As per statista.com, about
70% of the earth’s population has at least one social media account and about 3 billion monthly
active social media users are there [33]. On average, every person is spending 2 h and 22 min daily
on social media [34]. So, social intelligence became an important factor in everyone’s life. So, if
the study can check the resemblance between human EQ or SQ, the overall calculation of EQ
and SQ together i.e., ESI (Emotional Social Intelligence) will provide more reliable results and
the requirement of greedy data for deep learning will also be easily fulfilled by adding the Social
Intelligence factor in this research [35,36].

The rest of the paper is organized into 3 sections, with the introduction being the first sec-
tion. Section 2, discusses the proposed system, including hypothesis, datasets and methodologies.
Section 3, argues various results and their impact on resemblance. Section 4, concludes the paper
and elaborating the future prospective of the presented research.

2 Proposed System

This research proposed a two-phase solution to check the resemblance between EQ and SQ.
In Phase-I, statistical analysis is performed for the TEIQue-SF questioner dataset. Subsequently, in
Phase-II, M-LSTM based deep learning model is deployed to analyze the TEIQue-SF questioner
dataset. Fig. 1, demonstrates the proposed Two-Phase conceptual model to achieve objectives
understudy. The research begins with binary hypotheses, as illustrated below, where H0 represents
the Null hypotheses and H1 represents the Alternate Hypotheses:

H0: There is no resemblance between the emotional and social intelligence of an individual.

H1: There is a resemblance between the emotional and social intelligence of an individual.

To check the hypotheses, initially, some authentic questioner is required to collect pri-
mary data from some relevant resources. Trait Emotional Intelligence Questionnaire-Short Form
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(TEIQue-SF) is then deployed to collect data after requisite modification w.r.t. Social Intelligence
SQ. TEIQue-SF is a reputed questionnaire that includes, 30 psychological questions based on
human psychological behavior [13]. TEIQue-SF has been used in numerous psychological and
technical researches so far.

Ten parameters including, affection, well-being, expression, expectation, ego, mood, dare,
positive and negative sharing, and insecurity are considered for this study. In a sample of 4500
individuals, 3000 individuals were selected through random sampling to explore the resemblance
between emotional and social intelligence of an individual. The response rate of this survey was
above 92%. A total of 3000 individuals were selected, who were using social networking for
communication for at least 10 years and were visiting various social networking with a frequency
of more than 10 times per day. The abstractive summary of the presented solution i.e., Phases-I
and II is conceptualized under Algorithms 1 and 2 respectively, see Algorithms 1 and 2.

As per the questionnaire, every question was evaluated on a 1–6 scale for Strongly Disagree
to Strongly Agree respectively. Weighted mean has been used to evaluate the standard deviation
between X (Social Intelligence) and Y (Emotional Intelligence). Combined Coefficient of Variance
of the different variable has been computed differently to draw the resemblance curve for X and Y.
Combined Cumulative Coefficient of Variance of all the variable has also been computed to eval-
uate the overall percentage variation between X and Y. Weighted Mean, Standard Deviation [37],
Coefficient of Variance [38] were used to draw the resemblance graph between X and Y, and they
were mathematically computed by the equation given below:

d (X)= (
XW −XW

)
(1)

where X is used for Social Intelligence, W is the respective weight and XW is the weighted mean.
Y is used instead of X in the case of Emotional Intelligence.

Standard Deviation σ for social intelligence X is calculated as:

σ(X)=
k∑
j=1

⎛
⎝

√∑N
i=1 (d(X))2

N

⎞
⎠ (2)

Here, N is the number of samples collected i.e., 3000 and k is the number of questions in
questioner i.e., 30 in this case.

The coefficient of variance CV for social intelligence X is calculated as illustrated in Eq. (3).

CV (X)= σ

XW
× 100 (3)

ϑ Defines the percentage variation between X and Y .

ϑ = |CV (X)−CV(Y )| (4)

Eqs. (1)–(4) are used in Steps-1 and 2 as demonstrated under Phase-I of the conceptual model
illustrated in Fig. 1. For Step-3 under Phase-I, Statistical Package for the Social Sciences (SPSS)
is deployed to draw the ANOVA table (i.e., Analysis Of Variance) for relative analysis of both X
and Y .
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Figure 1: Proposed conceptual model for systemic analysis
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Algorithm 1: Hypotheses evaluation for SQ and EQ resemblance
Input: Dataset Emotionalij =

∑
modified Trait Emotional Intelligence Questionnaire-Short Form

(TEIQue-SF), PEr = 0.1, α = 0.005
Step 1: Draft Null (H0) and Alternate (H1) hypotheses for SQ and EQ resemblance.
Step 2: Select variable(s) Vk from the TEIQue-SF dataset for evaluation.
Step 3: For (Each V i), where 0 < i < k

Step 3.1: Calculate Variance SQ(σ i) and EQ(σ i) for Emotionalij
Step 3.2: Calculate

∑
σi =

∑
σ i−1 + (SQ (σ i)−EQ (σ i))

Step 4: if (
∑

σ i ≤PEr))
Then Goto Step 5
Else Goto Step 11

Step 5: For (Each V i), where 0 < i < k
Step 5.1: Calculate Coefficient of Variance SQ(CV i) and EQ(CV i) for Emotionalij
Step 5.2: Calculate

∑
CV i =

∑
CVi−1+ (SQ (CVi)−EQ (CVi))

Step 6: if (
∑
CVi ≤PEr))

Then Goto Step 7
Else Goto Step 11

Step 7: Do
Step 7.1: Analysis of Variation (ANOVA) for SQ and EQ
Step 7.2: Calculate F and Fcrit for Emotionalij
Step 7.3: Calculate P-value for Emotionalij

Step 8: if ((F > Fcrit)&&(P < α))
Then Goto Step 9
Else Goto Step 10

Step 9: Do
Step 9.1: Accept H1
Step 9.1: Use Algorithm-2 over Emotionalij
Step 9.2: Goto Step 11

Step 10: Do
Step 10.1: Accept H0
Step 10.2: Goto Step 11

Step 11: Stop

Algorithm 2: Deep Data Analysis for SQ and EQ resemblance
Input: Dataset Emotionalij =

∑
modified Trait Emotional Intelligence Questionnaire-Short Form

(TEIQue-SF) and Social-IQ Dataset
Step 1: Design M-LSTM based deep learning model.

Step 1.1: Train M-LSTM based deep learning model over Social-IQ Dataset.
Step 2: Test M-LSTM based deep learning model over Emotionalij

Step 2.1: Analysis of SQ and EQ accuracy and other factors
Step 2.2: Draft Mathematical relationship between SQ and EQ

Step 11: Stop

The study recommends moving to Phase-II only if some resemblance between EQ and SQ is
observed in Phase-I. The two-phase structure of the proposed model makes it more convenient
and economical, as simple statistical methods have been deployed under Phase-I. In comparison
with Phase-I, Phase-II is a more complex and accurate analysis. In Phase-II, the Social-IQ dataset
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is deployed over an M-LSTM [39] based machine for training. Social-IQ Dataset is a widely used
dataset for various research domains including sentimental analysis and predications, behavior
analysis and predications, psychological and emotional analysis, etc. [32] The Social-IQ dataset
is huge integration of over 1250 videos and 75000 questions. For deep analysis application of
52000 answers was used which included 30000 correct and 25000 incorrect answers concerning
75000 questions [32]. A total of 10000 questions from the Social-IQ dataset were then selected
along with their answers through random sampling. The questions and answers were selected in
a manner such that only 50% correct and 50% incorrect answers were chosen for their corre-
sponding question. This classified dataset was employed to train M-LSTM based recurrence neural
network model. The M-LSTM is an accurate and efficient deep learning method used for model
training [37], data analysis and prediction. Fig. 2. Demonstrates the working of the proposed
M-LSTM model. This M-LSTM model is deployed for deep data analysis under phase II of the
proposed solution. Fig. 3. Shows the different learning stages of the M-LSTM model. Two layers
of LSTM are deployed to enhance the learning capabilities of the proposed model. Under the
temporal learning phase, the Social IQ Dataset is employed. Whereas, for the enhanced learning
phase, TEIQue-SF dataset is used. Intended for training, the combined dataset i.e., SQ and EQ
are deployed whereas for testing only EQ dataset is used. The ratio of SQ and EQ dataset is
9:1 for training. For experimental setup Intel Xeon E2630V4-10 core processor is used with 2.2
GHz of speed, 32 GB DDR4 RAM and 2 TB Hard Disk Drive. Ubuntu Server 16.04 is used for
Python SciPy environment with Keras and TensorFlow.

Figure 2: M-LSTM architecture

The TEIQue-SF dataset was collected and used in Phase-I, which was analyzed on a trained
model. The resemblance between SQ and EQ was analyzed based on 9 parameters i.e., Affec-
tion, Well-being, Expression, Expectation, Ego, Mood, Dare, Positive and Negative Sharing, and
Insecurity. Further, the accuracy of the model was also analyzed over these parameters. The
subsequent section of this paper unveils various results obtained during this research and also
discusses the respective consequences of results over SQ and EQ resemblance.



2496 CMC, 2022, vol.70, no.2

Figure 3: M-LSTM temporal learning and enhanced learning phases

3 Results and Discussion

The computed results after applying Eqs. (1)–(4) on the TEIQue-SF dataset for SQ and EQ
are formulated in Tab. 1. Well-being, Expression, Expectation, Dare, Positive and Negative Sharing
and Insecurity registered minimum percentage variation with the average percentage variation
being less than 0.1 in these cases. On the other hand Affection, Ego and Mood depicted slightly
higher average percentage variation, the variation in these parameters ranged between 0.1 and 0.2.
Further, Checks1 and 2 in Tab. 1 were used in Steps-1 and 2 of phase-I respectively. Check1 i.e.,
for standard deviation allowed us to pursue Step-2 as for all the parameters the average standard
deviation variance was less than the permissible error i.e., <0.1. The combined average standard
deviation variance for all the 10 parameters was found to be only 0.012313, which is comparably
very less. Although the acquired data did not complete the Check2 condition for Affection, Ego
and Mood but the combined average coefficient of variance was found to be only 0.073781 which
is again comparably very less. The line chart, demonstrated in Fig. 4, illustrates the resemblance
between SQ and EQ. The error lines are drawn based on Standard Deviation also favors the
resemblance for most of the parameters.

Consequently, for Step-3 under Phase-I, ANOVA: Two Factor without Replication has been
performed. The ANOVA: Two Factor without Replication is illustrated in Tab. 2. The calculated
result of ANOVA: Two Factor without Replication qualifies the check mentioned in Step-3 under
Phase-I i.e., F value > F Critical value and P-value is less than the alpha (α) value i.e., 0.05.

As per the results of two-way ANOVA: Two Factor without Replication, the alternate, it is
evident that Hypothesis H1 (i.e., There is a resemblance between emotional and social intelligence
of an individual), is acceptable and significant [40]. The psychometric results obtained in Phase-I
are bulleted as under:

• An individual is feeling unimpeded to express their thoughts and ideas on Social Networks.
• An individual required more attention in their personal life from society as compared to

Social Networks.
• The insecurity factor for communication is less on social networks.
• The effect of communication on the social network is less on an individual’s mood or

emotions.
• It is equally easier for a person to share positive moods or thoughts on social networks or

in their real social scenario, but they are hesitant to share the negative moods or thoughts
on the social networks.
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• As a whole, there is only a 0.07% variation between the emotional and social intelligence
of a person.

Table 1: Coefficient of variance (CV) and standard deviation (σ ) table for social intelligence
X and emotional intelligence Y; check1: (σ (X) − σ (Y)); check2: |CV(X) − CV(Y)|; parameter
(P-No.) 1-affection; 2-well-being; 3-expression; 4-expectation; 5-Ego; 6-mood; 7-dare; 8-positive
sharing; 9-negative sharing; 10-insecurity

P-No. Social intelligence (X) Emotional intelligence (Y) ϑ Check1 Check2

σ (X) CV (X) σ (Y ) CV (Y ) |CV (X)−CV (Y ) | σ ϑ

1 0.118732 0.710614 0.101036 0.604103 0.106511
√ ×

2 0.159861 0.959166 0.151841 0.910133 0.049033
√ √

3 0.129099 0.773051 0.116369 0.697863 0.075188
√ √

4 0.138193 0.829571 0.124722 0.748331 0.08124
√ √

5 0.129904 0.779033 0.111492 0.669289 0.109744
√ ×

6 0.144097 0.86588 0.125554 0.755972 0.109908
√ ×

7 0.147902 0.89232 0.138193 0.832904 0.059416
√ √

8 0.140436 0.846849 0.136168 0.821525 0.025324
√ √

9 0.124722 0.752849 0.111803 0.675549 0.0773
√ √

10 0.10274 0.620162 0.095379 0.57602 0.044142
√ √

Figure 4: Percentage coefficient of variance CV for social intelligence (SQ) and emotional intelli-
gence (EQ)

Mathematically, the Phase-I results are concluded as:

Social Intelligence (SQ)≈Emotional Intelligence (EQ)±β, where β = 0.07 (5)

Further, the ANOVA test also qualifies the check mentioned in Step-3 under Phase-1.
Consequently, the proposed conceptual model allows us to move for Phase-II i.e., Deep Data
Analysis.
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The proposed study recommends an M-LSTM based trained model over the Social IQ
Dataset under Phase-II of the proposed conceptual model. The trained model is tested on the
TEIQue-SF dataset for SQ and EQ. An incremental improvement policy [41] was deployed to test
the model over the acquired dataset. Initially, the first set of 500 answers were applied to the
trained model. Subsequently, an additional 500 new answers were deployed to test the model. The
entire testing process was completed in 6 steps, where the improvement in result prediction was
registered in each successive step. In each step, the complexity of questions was kept constant
as per the ratio(s) Easy (19%), Intermediate (40%) and advanced (41%) [32]. The complexity of
questions for each incremental step is given in Fig. 5.

Table 2: ANOVA: two factor without replication for social intelligence (SQ) and emotional
intelligence (EQ)

ANOVA: two-factor without replication

SUMMARY Count Sum Average Variance

Affection 2 1.314717 0.657359 0.005672
Well-being 2 1.869299 0.93465 0.001202
Expression 2 1.470914 0.735457 0.002827
Expectation 2 1.577902 0.788951 0.0033
Ego 2 1.448322 0.724161 0.006022
Mood 2 1.621852 0.810926 0.00604
Dare 2 1.725224 0.862612 0.001765
Positive sharing 2 1.668374 0.834187 0.000321
Negative sharing 2 1.428398 0.714199 0.002988
Insecurity 2 1.196182 0.598091 0.000974
Social intelligence (SQ) 10 8.029495 0.80295 0.009433
Emotional intelligence (EQ) 10 7.291689 0.729169 0.011073
ANOVA
Source of variation SS df MS F P-value F crit
Rows 0.180668 9 0.020074 46.41378 1.79065E−06 3.178893
Columns 0.027218 1 0.027218 62.93057 2.36746E−05 5.117355
Error 0.003893 9 0.000433
Total 0.211779 19

All 6 steps datasets were applied on all the 10 parameters previously used in Phase-I. The
observed results of all the 60 observations are grouped under six different sets and presented
in Fig. 6. The observations registered under Set I-500 illustrate the results for the first 500
observations (selected answers) subsequently, the rest of the figures illustrates the results for their
respective Set(s) of observations i.e., Set II-1000, Set III-1500, Set IV-2000, Set V-2500 and Set VI-
3000. Set I registered the higher level of accuracy difference between SQ and EQ results. Set I also
registered the minimum accuracy level for Well-being i.e., 83.21. The subsequent sets registered the
increasing level of accuracy for increasing levels of datasets. Moreover, the subsequent sets also
registered the decreasing level of accuracy difference concerning the increasing level of datasets.
The last dataset, i.e., Set VI-3000, registered the maximum accuracy level for Insecurity i.e., 90.11.
The above-mentioned results conclude that the increasing level of datasets increases the accuracy
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level of the model. Further, the variation in the level of accuracy between SQ and EQ also
decreased with the increased level of the datasets. The Social Intelligence-based trained model was
found to produce similar results for Emotional Intelligence with above 90% of accuracy.

Figure 5: Data set volumes for all six datasets

The results concluded in Phase-II also showed resemblance between SQ and EQ, but the
level of resemblance in Phase I and Phase II was found to be different as the results mentioned
in Phase I were from statistical analysis only in contrast to the Phase II results which were
obtained after actual data interpretation of primary data on a trained machine. Concluding this,
the present research recommends the results obtained in Phase II over Phase I. Mathematically,
Eq. (5) obtained in Phase I were resurrected as:

Social Intelligence (SQ)τ ≈Emotional Intelligence (EQ)τ ± γ

where γ ≤ 0.16 and τ ≥ 3000 (6)

In Eq. (6), γ represents the prediction accuracy in percentage and τ represents the minimum
no of datasets required to achieve the accuracy level. Results concluded in these statements are
graphically represented in Fig. 7.

M-LSTM accuracy over Social IQ Dataset is illustrated under Tab. 3. The accuracy level
achieved by the M-LSTM base trained model is 88.11% with a 0.845 f1-score.

Further, the stability of the presented model in Phase II was evaluated by computing Absolute
Average Change (AAC) over a time frameΔt [42]. AAC is the binary value used to measure
the stability, where 0 indicates the minimum stability and 1 indicates the maximum stability.
Consequently, the stability of the presented model was also evaluated over the other contemporary
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neural networking model including, Support Vector Machine (SVM), Recurrent Neural Network
(RNN) and Single layered LSTM or LSTM in short [43], see Fig. 8. The proposed M-LSTM
registered the highest stability of 0.59 in comparison to SVM (0.31), RNN (0.38) and LSTM
(0.46).

Figure 6: Accuracy level of M-LSTM based trained model w.r.t. each parameter; Social intelli-
gence (SQ); Emotional intelligence (EQ)
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Figure 7: Linear decreases variation in average accuracy

Table 3: M-LSTM accuracy table over social IQ dataset

Precision Recall F1-score Support

Negative 0.46 0.13 0.20 122
Neutral 0.68 0.12 0.21 208
Positive 0.89 0.99 0.94 2236
Accuracy 0.88 2566
Macro average 0.68 0.42 0.45 2566
Weighted average 0.85 0.88 0.84 2566
Accuracy: 88.11%
F1-Score: 0.845

Figure 8: Stability in terms of absolute average change (AAC)
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4 Conclusion and Future Perspective

The present research concludes that based on the ten parameters i.e., 1-Affection; 2-Well-
being; 3-Expression; 4-Expectation; 5-Ego; 6-Mood; 7-Dare; 8-Positive Sharing; 9-Negative Shar-
ing and 10-Insecurity, there is a positive resemblance between the emotional and the social
intelligence of an individual. The present research enumerated two results based on the two
different analyses. The analysis performed under Phase-I in this research used basic statistical
techniques like Standard Deviation (σ ), Coefficient of Variance (CV) and Analysis of Variance
(ANOVA). All these statistical tools were deployed over the TEIQue-SF dataset acquired after
a systematic survey. Phase I, calculated the resemblance with at least 0.07% variation. The M-
LSTM based trained model over the Social IQ Dataset was deployed under Phase II analysis.
Phase II enumerated the resemblance with at least 0.16% variation, in terms of prediction accuracy
over the TEIQue-SF dataset. The Social IQ Dataset deployed for training results registered only
1.67% test set error. Further, the M-LSTM based trained model over Social IQ Dataset ensures
88.11% accuracy with 59% stability, which outreaches the other state-of-the-art techniques like
SVM, RNN and LSTM. The statistical analysis under Phase I and experimental evaluation under
Phase II of the presented model ensures the effective estimation of EQ by using cross intelligence
evaluation. Apart from the better accuracy and stability of the proposed study, it is not suitable
to estimate the EQ of an individual without adequate social data availability.

In the future, the extensive computational and learning powers of computers will be applied
to check the emotional and social intelligence of an individual [29]. This research domain will
make the system able to predict human emotions [4]. This research can further be used to evaluate
and predict the emotional and social stability between the two persons [44]. The resultant of
such predictions will help to make hiring more appropriate and compatible individuals [45,46].
Further new research areas will also be unlocked for the society as the society is still following
the traditional methods due to lack of suitable standard in these areas. Many religions around
the world are still using their traditional horoscope matching system for finding a suitable match.
Although this traditional horoscope matching system is proven and giving very good results but
still in many cases if someone’s basic credentials are not proper sometimes the error factor gives
just the opposite results [47]. In such a case, if utilizing Emotional and Social Intelligence it is
possible to check the emotional as well as social feasibility between them, it will improve the
judgment in such cases.
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