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Abstract – The aim of the paper is to compare the 

performance of classification of samples based on self-

reporting emotions of subjects described by qualitative 

variables and textual description of situation in which it is 

experienced. The ISEAR data set was used in the research, 

which consists of 7666 samples classified in seven classes 

representing basic emotions (joy, fear, anger, sadness, 

disgust, shame, and guilt). For the text-based classification 

logistic regression (LR) was used as well as deep learning 

methods of convolutional neural networks (CNN), long 

short-term memory networks (LSTM) and convolutional 

long short-term memory networks (C-LSTM), while for 

classification based on qualitative variables LR and 

multilayer perceptron (MLP) were used. Performance of 

classification according to the textual description is similar 

for the LR and deep learning methods ranging from 53.65% 

in accuracy for CNN to 57.43% for LSTM, while the LR 

(accuracy of 77.19%) outperforms the MLP (accuracy of 

51.83%) in classification according to qualitative variables.  

Also, we constructed an ensemble of classifiers based on text 

and qualitative variables showing improvement in 

performance compared to separate classifiers and accuracy 

ranging from 63.04% (CNN for text and MLP for 

qualitative variables) to 80.55% (LR for both text and 

qualitative variables).    
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I. INTRODUCTION 

Detection of emotions or emotion analysis is a part of 
a larger discipline of sentiment analysis which has been 
rapidly developing in the last two decades and deals with 
“determination of valence, emotions, and other affectual 
states from text or speech automatically using computer 
algorithms“[13]. In this research we are focusing on 
detection of emotions from text which is also part of the 
discipline of Natural Language Processing (NLP). The 
early work on sentiment analysis deals with the  
determination of sentiment in customer reviews, the task 
which reduces to standard machine learning task of 
classification, most commonly in three classes (positive, 
negative, and neutral) or in two classes (affectual or 
subjective text and objective text). Emotion detection 
deals with the classification of text according to emotions 
based on a psychological model such as those proposed by 
Ekman [6] or Plutchik [15]. Ekman's model assumes six 
basic emotions: anger, disgust, joy, sadness and surprise, 
while Plutchik Wheel of Emotions assumes eight basic 
emotions: joy, sadness, anger, fear, disgust, trust, 
anticipation, and surprise together with combinations of 
emotions.  

In the case of sentiment analysis of customer reviews 
annotated data sets can easily be adopted due to the fact 
that customer reviews on the Internet usually use the star-
based rating system. In the case of emotion analysis the 
annotated data set is harder to obtain. A standard way to 
annotate the data set is using expert annotation [18] which 
can be expensive and is debatable since experts have to 
estimate the author’s personal state. In the ISEAR data set 
that we are working with [9], authors are using the self-
reporting approach where subjects describe situations 
when they have experienced a specific emotion [17]. 
Other possible approaches include crowdsourcing or 
annotation using platforms like Amazon's Mechanical 
Turk

1
 or CrowdFlower

2
, and the so-called distant 

supervision or self-labelling using social networks such as 
Twitter where readers or writers annotate the text 
themselves [12]. These approaches are not as reliable as a 
controlled survey, as in the case of the ISEAR data set, but 
they enable a quick annotation of a large amount of noisy 
data. 

In this research we have conducted a classification of 
emotions using the ISEAR data set in two ways: using 
qualitative variables obtained from questionnaires and 
using textual descriptions of situations in which an 
emotion is experienced. Our first aim was to compare the 
performance of a classification based on qualitative 
variables and textual descriptions for basic seven emotions 
of joy, fear, anger, sadness, disgust, shame and guilt. The 
second aim was to construct an ensemble of classifiers in 
order to efficiently use both types of descriptions (by 
qualitative variables and text) for the detection of 
emotions. By this research we aim to examine if emotions 
(and which of them) can efficiently be recognized using 
text and without extensive examination which is done here 
using questionnaires. Novelty of research is in comparison 
of these two approaches. Cross cultural differences are not 
examined here although country of responder is used in 
research as one of qualitative variables.    

For the classification based on text, we used traditional 
statistics and the machine learning algorithm of logistic 
regression (LR), as well as deep learning methods of 
convolutional neural networks (CNN), long short-term 

                                                           
1
 https://www.mturk.com/, Amazon Mechanical Turk (MTurk) is a 

crowdsourcing marketplace that makes it easier for individuals and 

businesses to outsource their processes and jobs to a distributed 
workforce who can perform these tasks virtually 
2
 http://faircrowd.work/platform/crowdflower/, a platform with machine 

learning and processing features in which human labour completes tasks 
that cannot yet be automated. 
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memory networks (LSTM), and convolutional long short-
term memory networks (C-LSTM). We chose logistic 
regression for classification because of assumption that 
this method is convenient to be used with qualitative 
variables and to form ensemble with text classifier in a 
natural way. Experiments with textual data are also 
conducted using method of support vector machines and 
similar results as by usage of logistic regression are 
obtained (not reported here). For the purpose of 
classification by logistic regression documents (consisting 
of one or a few sentences) were represented in bag of 
words (BoW) representation by a sparse matrix whose 
rows represent terms, and columns represent documents. 
For the purpose of classification by deep learning 
methods, words in sentences were represented by 
continuous low-dimensional representation depending on 
the context in which a word appears in the texts. 
Influential models on word representations, the so-called 
word embeddings, are word2vectors representation [11] 
and GloVe [14]. For classification based on qualitative 
variables we, once again, used the LR and multilayer 
perceptron (MLP).  

The rest of the paper is organized as follows: in the 
second section, the related research is shown, the third 
section describes methods of classification which were 
used, the fourth section describes the experiment, and the 
final section provides discussion, conclusion, and 
directions for further work. 

II. RELATED RESEARCH 

Early work on emotion detection was done by 
adopting data sets using news headlines [19] and 
children’s fairy tales [2] following Ekman’s model of six 
basic emotions.  In [5] authors propose a simple Vector 
Space Model for the  classification of emotions using 
centroids of classes and compare it with the classification 
by Naive Bayes, and support vector machines (SVM) 
algorithm. They have used the ISEAR data set for 
learning, and the SemEval 2007 data set for the affective 
task for testing. 

 In [1] authors use deep learning methods for 
classification of 24 fine-grained types of emotions using 
the data from Twitter. They used distant supervision 
(hashtags of emotions) and validated the data collection 
method using human annotations. For classification they 
used the Gated Recurrent Neural Networks (GRNN), a 
variant of recurrent neural networks which they propose in 
the paper. In [3] are several models are compared on six 
different benchmark sentiment data sets, which belong to 
different domains and have different levels of granularity 
(binary, 3-class, 4-class, and 5-class). For classification 
the LSTM and bidirectional LSTM algorithms were used, 
as well as CNN, and L2-regularized LR with the BoW 
representation as a baseline. The best performance was 
obtained for LSTM, and bidirectional LSTM models 
improved in comparison to LR with the BoW 
representation by 2 to 5% across datasets mostly for 
dimension of word embeddings 300 and 600.  In our 
research we obtained similar performance of LR and used 
deep learning models. 

Schuff and co-authors [18] contributed a manual 
annotation for a publicly available Twitter data set,   the 

SemEval 2016 stance data set. In classification of 
emotions according to Pluchick's model, they report the 
micro-average F1 measure across the set of eight emotions 
of 58% for linear models using MaxEnt and SVM 
algorithm with BoW representation, 61% for the LSTM 
model, 62% for the bidirectional LSTM model, and 60% 
for the CNN model. In [20] the ISEAR data set for 
classification of emotions by Naive Bayes classifier on 
selected features was used, using weighted log-likelihood, 
normalized Google distance and mutual information 
methods for feature selection. Unigram, bigram and 
trigram features were used for the text representation. Best 
accuracy was achieved for the unigram features using a 
feature selection method of mutual information. In [16], 
the Dominant Meaning Technique was proposed, which 
extracts words with dominant meaning for each class. The 
technique was applied for classification on the ISEAR 
data set, and compared to the classification by SVM in 
terms of the F1 measure showing comparable and more 
stable results across classes of emotions.  

A survey of data sets used for emotion classification is 
provided in [4]. As previous results show that linear 
classifiers provide results almost as good as neural 
networks for the task of emotion classification [18] 
authors provide the  results of emotion classification 
according to Ekman's model of fundamental emotions for 
different data sets using the MaxEnt classifier with the 
BoW representation. We will compare our results with 
these results across available classes of emotions.  

III. METHODS OF CLASSIFICATION 

For classification we used the L2-regularized LR with 
the BoW representation and neural network models: CNN, 
LSTM, and C-LSTM model with word embeddings.   

A. Logistic regression 

We used the LR implemented in the R package 
LiblineaR for the classification of qualitative variables and 
textual descriptions. LR is a linear classifier which usually 
poorly separates the low-dimensional data using non-
linear boundaries. In high-dimensional spaces, linear 
boundaries are usually adequate to separate the classes 
[10]. The accuracy is comparable to the tuned SVM 
method, it is faster than the SVM method and relatively 
insensitive to parameters. In the LR, probability of the 
class is calculated by the formula [7] 

     
 

                            
                     

where b0, b1, ..., bn  are parameters estimated the by 
maximum-likelihood estimation and X1i, X21, ..., Xni are 
values of independent variables (here values of 
qualitative variables and weights of index terms in a 
term-document matrix of textual descriptions) for the i-th 
sample. The algorithm of the LR separates two classes, 
and multi-class classification is implemented in the 
LiblineaR package by performing k classifications where 
k is a number of classes, one class versus the rest. 

Probabilities of classes of emotions for ensemble 
classifier are calculated as a convex combination of 
probabilities obtained by the classification using 
qualitative variables and textual description 
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where P(YQV) is probability that a sample is in the 
observed class based on qualitative variables, and P(YText) 
is probability that a sample is in the observed class based 
on a textual description. In our experiments, the t is set to 
0.5.  

B. Neural network models 

Neural network models were implemented in Python 
using TensorFlow. As per their design, the CNN and the 
LSTM methods vary in their approach to feature 
extraction. CNN, originally developed for computer 
vision, “uses a convolutional layer to project each word 
within a context window to a local contextual feature 
vector, so that semantically similar word n-grams are 
projected close to each other in the contextual feature 
space” [21]. Taking into consideration the contextual 
feature space, the CNN model moves to distinguish key 
words in that space using max pooling layer and forms a 
fixed-length global feature vector. Yih et al. in [21] further 
explain that said vector can later be fed to feed-forward 
neural network to extract non-linear semantic features.  

LSTM, on the other hand, utilises its memory blocks 
in a way which can be thought of as a differentiable 
version of memory chips in a digital computer [8]. Graves 
in [8] further explains that “the multiplicative gates allow 
the LSTM memory cells to store and access information 
over long periods of time, thereby mitigating the 
vanishing gradient problem.” Therefore, the purpose of 
applying these methods to the problem of sentiment 
analysis is understanding whether distinguishing key 
features in space or through time would yield better results 
in regard with this issue of sentiment analysis.  

When compared to a human brain, the CNN can be 
thought of as vision, and LSTM as a combination of 
hearing and short-term memory, as its name suggests. 
Therefore, the usage of only one of the respective methods 
could be perceived as isolating certain regions of the brain 
responsible for certain human senses. So, in the light of 
modelling methods with a human brain in mind, C-LSTM 
was implemented as well. It uses convolutional and max 
pooling layers in the same way as CNN in order to extract 
higher-level sequences of word features. Its output, fixed-
length global feature vector, is then fed to the LSTM layer 
to capture long-term dependencies as described in [22]. 
For regularization, dropout is used after the convolutional 
layer, and recurrent dropout is used in the LSTM layer.  

IV. EXPERIMENT 

A. Data set  

The ISEAR (International Survey on Emotion 
Antecedents and Reactions) data set [9] is the result of a 
project of a large group of psychologists who collected 
data from 3000 responders in 37 countries and across five 
continents. Responders were students and they were asked 
to report situations in which they had experienced all of 
the seven basic emotions (joy, fear, anger, sadness, 
disgust, shame, and guilt).  The questions in the survey 
covered the way they had appraised the situation and how 
they reacted. Qualitative variables include background 
variables, bodily symptoms, expressive reactions, 

physiological symptoms and similar. The data set consists 
of 7666 samples. One responder normally generated 7 
samples, one for each observed emotion. Many of 
responders and samples were ejected after preliminary test 
questions. Thirty-six variables are included in the 
research: 34 of them are qualitative variables, one variable 
contains textual description of a situation consisting of 
one or a few sentences, and one variable contains a class 
label, or an emotion that was experienced. For example, a 
sentence of one of responders describing emotion of joy 
was: “When I got a letter offering me the Summer job that 
I had applied for.”   

B. Design of the experiment 

Eighty percent of the samples were used for learning 
and 20% for testing. For the BoW representation, all terms 
contained in the textual descriptions were used as index 
terms, except stop words, which were ejected. Stemming 
or lemmatization was not used. The classification was 
repeated 5 times with random sampling of 20% of testing 
samples, and average values of observed measures were 
calculated. For each repetition the 5-fold cross-validation 
was performed using train data for grid search of the cost 
parameter for the LR.  

For neural network models sentences are padded to the 
maximum length of 128. Stop words were not used, and 
words were stemmed. Experiments were done both with 
Common Crawl GloVe pretrained vectors with the 
dimensionality of 300, and without pretrained vectors. 
Fifteen percent of learning samples were used for 
validation. We constructed six neural networks models: 
CNN, LSTM, C-LSTM models for text-based 
classification and three models of ensemble classifiers. All 
three ensemble neural network models consist of two 
branches, one for each type of variables. Qualitative 
variables were processed by a simple MLP whose 
architecture is shown in Fig. 1. Text, on the other hand, is 
processed by CNN, LSTM and C-LSTM. Output of both 
those branches is later concatenated and fed to another 
MLP. The size of LSTM (Fig. 1), CNN and C-LSTM is 
128 as the words are fitted to that length. MLP has input 
size of 99. That input size was chosen because some 
qualitative variables could be scaled from 0 to 1, but the 
others were one-hot encoded and that raised the number of 
variables to 99. 

The architecture of the other two ensemble models is 
almost identical to the one shown on Fig. 1. C-LSTM 
implementation introduces additional Convolutional and 
MaxPool layer before the LSTM, and the CNN 
implementation replaces LSTM layer with another 
Convolutional and GlobalMaxPooling layer. Optimization 
of all models was done by Adamax optimizer.  

C. Results 

For the evaluation we used a measure of accuracy for 
an overall comparison of used methods of classification 
based on text and on qualitative variables.  Table 1 shows 
results of accuracy of the models using textual data, while 
Table 2 shows results of accuracy of the models using 
qualitative variables and ensemble models. For textual 
data, deep learning models were used with and without the 
pretrained vectors. Pretrained vectors were obtained by 
the GloVe algorithm [14]. It can be seen that there is no 
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significant improvement in the accuracy if pretrained 
vectors are used, except for the CNN whose performance 
is equal with the LSTM and C-LSTM models in that case. 
Otherwise, the CNN shows a slightly poorer performance 
in comparison to the LSTM, C-LSTM and LR whose 
accuracy is very similar for the classification using textual 
data. The classification using qualitative variables shows 
much better performance using LR than the MLP.  Results 
for the ensemble models are given for models that do not 
use pretrained vectors. Accuracy of the ensemble 
classifiers using textual data and qualitative variables is 
improved in comparison to separate models.  

Next, we observe the F1 measure for classes of 
emotions. In Table 3 we compare our results obtained by 
the LR with the BoW representation, with results reported 
by Bostan and Klinger [4] for the ISEAR data set. They 
use the MaxEnt classifier with the BoW representation. 
Results are reported only for available classes of emotions 
since the results for emotions based on Ekman’s model are 
reported in [4]. We compare these results to confirm that 
results are similar for various methods (LR and MaxEnt 
classifier) using the BoW representation. We have also 
obtained similar results using the SVM.  

Fig. 2 shows the F1 measure across observed emotions 
for the classifiers based on text (without pretrained 
vectors), while Fig. 3 shows the F1 measure across 
observed emotions for ensemble classifiers. From Fig. 2 it 
can be noted that the F1 measure is similar for deep 
learning models and LR across emotions. The average F1 
measure for all emotions amounts to 53.53% for CNN, 
56.86% for LSTM, 56.89% for C-LSTM, and 57.16% for 
LR. 

TABLE 1. Accuracy of the classification using textual data without 
the pretrained vectors (Text), textual data with pretrained vectors (Text-
PV).  

Method Text Text-PV 

CNN 53.65 56.19 

LSTM 57.37 57.43 

C-LSTM 57.11 56.32 

LR 57.42 - 

 

 

 

TABLE 2. Accuracy of the classification using qualitative variables 
(QV), and both type of data (QV + text). Accuracy for the best model for 
each application is bolded.  

Method Type of 
data 

Accuracy 

MLP QV 51,83 

LR QV 77,19 

CNN + MLP QV + text 63,04 

LSTM + MLP QV + text 66,04 

C-LSTM + MLP QV + text 65,38 

LR + LR QV + text 80,55 

 

Comparison of Fig. 2 and 3 indicates that, with a 
combination of classification using textual data and 
qualitative variables, we can obtain models with a better 
F1 measure for all observed emotions. Fig. 4 compares the 
F1  measure of models using textual data (obtained by LR, 
LSTM, and C-LSTM) and the LR model using qualitative 
variables. F1 measure is the best for a model that uses 
qualitative variables for all emotions, except for disgust. It 
is interesting to observe the differences between the best 
model using textual data, and model using qualitative 
variables since this will give us an insight concerning 
emotions which can be successfully recognized using only 
the text, and without conducting extensive surveys. 
Differences in the F1 measure between the LR model 
using qualitative variables and the best performing model 
using textual data for each emotion are shown in Table 4.  

TABLE 3. Comparison of our results of the F1 measure obtained by 
the LR with the BoW representation and the results reported by Bostan 
and Klinger [4] obtained by MaxEnt algorithm using the BoW 
representation. 

Emotion F1 measure 
F1 measure 

(Bostan & 
Klinger, 2018) 

Anger 47 47 

Disgust 60 59 

Fear 68 69 

Joy 69 67 

Sadness 62 69 

 

TABLE 4. Difference of  F1 measure for LR model using qualitative 
variables and the best model using textual data.  

Emotion 
The best model 

using text 
Difference (%) 

Anger LSTM 19.75 

Disgust C-LSTM -3.28 

Fear LR 14.32 

Guilt LR 51.20 

Joy C-LSTM 28.83 

Sadness LSTM 7.02 

Shame C-LSTM 13.62 

 

Figure 1. Ensemble LSTM and MLP model 
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Based on our results, the only emotion that can be 
detected better based on textual data than by qualitative 
variables is disgust. The difference in the F1 measure for 
the classification based on the LR model using qualitative 
variables, and the best model using textual data amounts 
to less than 15% for emotions of sadness, shame, and 
fear. These emotions can efficiently be detected from text 
without an extensive survey. Fear can be detected with 
the F1 measure of almost 68% using only textual data, 
and sadness with the F1 measure of 64%. This means that, 
for example, depression or anxiety can be efficiently 
detected based on the textual description of a subject’s 
state of emotions. The emotion of joy has the best F1 
measure (70%) based on textual data, while guilt and joy 
have the best F1 measure (almost 99%) based on 
qualitative variables.  

V. DISCUSSION AND CONCLUSION 

In this research we compared the performance of the 
classification of samples based on self-reporting emotions 
of subjects described by qualitative variables, and textual 
description of situation in which an emotion is 
experienced. 

Our results of classification based on the BoW 
representation of textual data using LR are in line with 
reported results for classification using the MaxEnt 
classifier on the same data set [4]. Among deep learning 
models the LSTM and C-LSTM model have 
approximately 3% better accuracy in comparison to the 
CNN. The C-LSTM model is the best-performing one, 
since C-LSTM and CNN models are approximately 10 
times faster per epoch compared to LSTM model. 
Furthermore, the usage of pretrained vector of word 
representations resulted in improvement of accuracy for 
the CNN model only by 3%, while accuracy for the C-
LSTM model was reduced by almost 1%. This means that 
words have a good representation based on collection of 
textual data, and that using pretrained vectors is not 
necessary.  

With regards of qualitative data, our results show a 
much better performance of the LR in comparison to the 
MLP. Good performance of classification based on 
qualitative variables is not unexpected since qualitative 
variables included in the survey describe bodily 
symptoms (such as feeling cold or heart beating faster), 
expressive reactions (such as laughing, crying), and 
physiological symptoms when an emotion appeared, after 
which we are also able to recognize emotions.  The 
ensemble classifiers show an improvement in 
performance in comparison to separate models.  

Our results for the classification of textual data show 
similar performance for the LR classifier with the BoW 
representation and deep learning models with word 
embeddings. In [18], a slightly better performance of the 
deep learning models (CNN, LSTM, and bidirectional 
LSTM) was reported in comparison to the MaxEnt and 
SVM algorithm with the BoW representation on the task 
of emotion detection tested on the Twitter data. In our 
future work we plan to combine these two approaches in 
order to test hybrid models that would enable the usage of 
good properties of both types of models. 
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