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Abstract: Latent dirichlet allocation (LDA) is a representative topic model to extract keywords related
to latent topics embedded in a document set. Despite its effectiveness in finding underlying topics in
documents, the traditional algorithm of LDA does not have a process to reflect sentimental meanings
in text for topic extraction. Focusing on this issue, this study aims to investigate the usability of
both LDA and sentiment analysis (SA) algorithms based on the affective level of text. This study
defines the affective level of a given set of paragraphs and attempts to analyze the perceived trust
of the methodologies in regards to usability. In our experiments, the text of the college scholastic
ability test was selected as the set of evaluation paragraphs, and the affective level of the paragraphs
was manipulated into three levels (low, medium, and high) as an independent variable. The LDA
algorithm was used to extract the keywords of the paragraph, while SA was used to identify the
positive or negative mood of the extracted subject word. In addition, the perceived trust score of
the algorithm was evaluated by the subjects, and this study verifies whether there is a difference in
the score according to the affective levels of the paragraphs. The results show that paragraphs with
low affect lead to the high perceived trust of LDA from the participants. However, the perceived
trust of SA does not show a statistically significant difference between the affect levels. The findings
from this study indicate that LDA is more effective to find topics in text that mainly contains
objective information.

Keywords: latent dirichlet allocation (LDA); sentiment analysis (SA); topic modeling; affective level

1. Introduction

The amount of data processed in technical and social systems has exponentially increased with
the advent of the fourth industrial revolution and the era of knowledge information processing.
Massive text information and public opinions commonly recorded and shared through various social
media services have led to the necessity of new technologies and methodologies to find meaningful
information hidden in a large set of available unstructured text data. As a response, text mining
has attained attention as a technique for extracting meaningful information from unstructured or
semi-structured text, such as documents, emails, and hypertext markup language (HTML).

Especially, topic modeling is one of the popular text mining methods that enable us to extract
highly interpretable topics in a document set. The latent dirichlet allocation (LDA) algorithm is a
representative topic modeling approach [1] where a set of documents is grouped into latent topics
with a distinct Dirichlet distribution and each topic is described as a Dirichlet distribution of occurring
terms in the document set. The LDA algorithm has been applied to various domains, such as topic
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extraction for the abstracts of a research paper set [2], analysis of news articles to interpret relevant
social situations [3,4], and identification of consumer characteristics and market trends from social
network service (SNS) data [5]. However, the traditional LDA algorithm uses the frequency of terms in
text documents as a basis to extract their latent topics.

On the other hand, studies have also developed alternative models on the basis of existing topic
modeling algorithms. Sentiment analysis (SA), which is referred to as opinion mining, has been used
to identify user attitude, affect, subjectivity, or emotion in a user-generated text [6]. SA distinguishes
the affective state, which indicates the positive or negative mood/sentiment of a word or sentence.
Thus, SA can be used to collect and analyze vast amounts of data in real-time. Moreover, it can
improve perceived trust (the level of trust determined by users based on the extracted information)
and minimize errors due to time differences in the investigation process.

As mentioned above, since text mining algorithms such as LDA and SA are commercialized,
information summary analysis and services are being provided in various fields. However, the usability
evaluation of the results obtained through the algorithm is not yet actively discussed. The main
purpose of this study is to investigate what evaluation criteria are more reliable or satisfactory for
users who use both LDA and SA algorithms. Therefore, this study considers a perceived trust of the
algorithms from users to reflect the interpretability of the algorithm (i.e., how well the user understands
the results of the algorithm). In other words, it is considering not only the frequency of each term but
also the affective characteristics of the term in extracting topics from text documents. In addition, this
study evaluates the perceived trust characteristics of SA which was applied to the keywords extracted
by LDA, and LDA which forms the main application algorithm for topic modeling.

In order to achieve the objective of this study, the subjective or affective level was defined
considering the degree of positivity and negativity in the designated text. In particular, the Stanford
natural language processing algorithm, based on machine learning, was utilized to calculate the
positive or negative level for each sentence automatically. Through this research process, the user can
grasp the change of perceived trust on the result of existing topic modeling algorithms such as LDA
and SA. This study also shows the necessity of a topic modeling algorithm that can reflect the affective
level of each topic.

2. Literature Review

2.1. Topic Modeling

Topic modeling is a popular methodology used in text mining. It is an information technology
approach that extracts “topical” information from a text document. As one of the most representative
topic modeling techniques, LDA is a model for determining potentially meaningful topics [1]. LDA
assumes that a set of words is grouped as per a specific topic or topics, and it calculates the probability
that the words will be included in each topic and subsequently extracts them as a set of words likely to
be included.

Since proposing LDA in a study in 2003, Blei proposed supervised LDA (sLDA) in a later study
and compared it with the existing LDA [7]. Subsequent LDA studies have focused on analyzing and
obtaining information from social media; these include an analysis of user responses to public events
and topics of interest for Twitter users [8]. Related research has led to the proposal of new algorithms
based on LDA [9], while other studies have focused on certain variants of the Bayesian inference
algorithm [10,11]. Meanwhile, two Rao–Blackwellized online inference algorithms have also been
proposed in this regard [12,13].

On the other hand, other streams of research have focused on the procedures and methods for using
LDA algorithms. Song et al. [14] have presented several topics and keyword ranking methods to aid
users to understand and use extracted topics using LDA in text analysis, while Anandkumar et al. [15]
have suggested efficient learning procedures for a variety of subject models, including LDA. Some
studies have suggested ways to efficiently improve ad-hoc search using LDA [16].
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2.2. Sentiment Analysis

Opinion mining or sentiment analysis (SA) is a popular text mining technique that is mainly
used to identify user sensibility, affect, and subjective opinions in texts. In previous studies, topic
modeling has been conducted on reviews of articles and articles in SNS, and information and social
flows were analyzed [17–19]. In this context, one study has conducted a thorough analysis of text
mining of reviews to assess the impact of product reviews on economic performance indicators such
as sales volume [20]. Further, Esuli and Sebastiani [21] have analyzed the objectivity, subjectivity,
and effect of user opinions via analyzing the opinions and sensibilities of Twitter users. In addition,
some studies have focused on the past, present, and future trends of SA while others have proposed
a new probability model that can overcome the problems of SA and capture a mixture of a subject
and affect at the same time [22,23]. Some studies have also proposed a sensible classifier that can
determine the affirmative, negative, and neutral document properties by means of the corpus collection
method [24,25].

The idea of user experience (UX) includes the concepts of usability and affective engineering and
consists of all interactions between the user and the product [26,27]. Currently, products include not
only physical and visible products but also invisible services and algorithms. Therefore, it is necessary
to include a UX element in the evaluation of a text mining service or algorithm. According to previous
research [28,29], the elements of UX can be classified as usability, affect, and user value (UV). These
studies have also derived a quantification model that integrates these key elements into a single index.
In particular, a total of 22 hierarchical dimensions, such as UX, and all elements and sub-elements were
evaluated. As these studies on UX and affect are expected to be useful in the design of future products
or services, they should be considered in this study.

Based on our review of the literature, the topic modeling algorithm and SA are widely applied
to identify the main topics and customer opinions from texts provided through various sources. In
the meantime, the efficiency aspect of keyword extraction has been extensively dealt with by the
developers, but there is a lack of consideration on how users experience the algorithm and accept the
results. Also, very few studies compare the characteristics of subject word extraction as per evaluation
of the perceived trust of individual algorithms; this is the aspect of text mining that we address in
this study.

3. Methodology

3.1. Participants

A total of 21 individuals participated in our study. All subjects were Korean and the mean age of
the subjects was 33 years (standard deviation: ±9.05). All participants possessed basic English skills
and had no problem understanding the English texts presented in our questionnaire. The participants
expressed their agreement in taking part in the study after understanding the experimental content,
precautions, and explanations on the use of personal information.

3.2. Contents of the Questionnaire

Our experiment was conducted on participants who received a questionnaire in English, which
they subsequently read and evaluated. Figure 1 depicts the format of our questionnaire. The
questionnaire consisted of 37 text sections, each of which contained a set of subject terms related to a
topic. The sources used in the questionnaires are texts used in actual university entrance examinations in
Korea [30]. The college scholastic ability test (CSAT) is a primary test to evaluate the study achievement
and used by most universities for an admission decision. There are relevant studies [31–33] to identify
significant topics in CSAT. Therefore, the topics presented in this questionnaire represent the titles
provided in the college entrance examination and can be regarded as important clues in determining
the correct answers.
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In order to derive a set of subjects, LDA was used in this study, while SA was applied for additional
analysis. LDA is an algorithm that summarizes the central topics in a given set of paragraphs, while
SA is an algorithm that categorizes whether words or sentences are positive, negative, or neutral. In
this study, we used the MALLET JAVA module to extract the keywords using LDA. In the MALLET
module, the “subject” attribute consists of a set of words that occur frequently and together [34]. In
this study, two topics were extracted per paragraph, and each topic included less than five keywords.
In addition, SA was applied to the extracted keywords to confirm them as positive or negative words.
Further, the Stanford CoreNLP toolkit was utilized for SA. Stanford CoreNLP provides a set of human
language skills tools and functions. In this study, we used the result of which noun phrase expresses
affect through the toolkit.

Here, we briefly describe the notation used in our study. For example, for a set [“point”, “tank”,
“great”, “subsequent”, “watch”] derived from LDA in a given paragraph, the result obtained with
application of SA method is shown in bold font [“point”, “tank”, “great”, “subsequent”, “watch”].
At this time, “tank” has a negative characteristic, and “great” has a positive characteristic. In the
application of the questionnaire to the participants, we divided the algorithm into two parts to aid
participant understanding. LDA was classified into “Expression Method A” and LDA with SA method
was classified as “Expression Method B”.
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3.3. Experimental Design

In this study, we defined “Affective Level” as an independent variable to classify the paragraph
characteristics. The level of affect per paragraph was determined by how the paragraph reveals the
attributes of a positive or negative mood. The levels of the independent variable were selected as high,
medium, and low. SA calculates the degree of affective level as very negative, negative, neutral, positive,
and very positive in each sentence. In this experiment, the sum of attribute scores (very negative (−2),
negative (−1), neutral (0), positive (1), very positive (2)) for each sentence is calculated. An absolute
value of the sum is used as the final affective level of the corresponding paragraph. If the total value of
the sum is 0, 1, or 2 points, it is classified as “low”, whereas 3 or 4 points corresponds to “medium”,
and 5 or more as “high”.

Paragraphs corresponding to low affective levels included “How did Mark Twain overcome
the clogged creativity?” (paragraph 2), “Changes in the function of classical music” (paragraph 7),
and “The rising cause of the Himalayas in progress” (paragraph 31), which contained primarily
objective information or facts. From a different perspective, paragraphs with high affective levels
included “Difficulties in establishing causal relationships in social science” (paragraph 10), “The
effect of naming on children’s identity” (paragraph 21), and “The ethical problems associated
with creation” (paragraph 33), which contain primarily subjective opinions rather than objective
information. Meanwhile, paragraphs with moderate levels of affect are blended with objective
information and subjective opinions, as in the case of those titled “The Impact of Situations on Color
Preference” (paragraph 11) and “Mandeville’s book that caused misunderstandings in the Middle
Ages” (paragraph 27).

In this study, the dependent variable was defined as “perceived trust” for each algorithm. The
perceived trust represents how well the keywords in Expression Method A (LDA) and B (LDA + SA)
represent the topic of each paragraph. The evaluation method was based on participants’ subjective
scoring. The evaluation scale was selected from the five points of the Likert scale considering the
burden and accuracy based on the participant’s feeling. Points 1 to 5 on the scale corresponded to “very
dissatisfied”, “slightly dissatisfied”, “average”, “slightly satisfied”, and “very satisfied”, respectively.

3.4. Procedure

In our study, subjects first read a given paragraph and subsequently asked for an evaluation
questionnaire containing the keywords. Subjects were individually selected for the evaluation, and the
questionnaire was freely proceeded between the method of email and face to face in consideration
of the subject’s situation and intention. In addition, there was no restriction on the assessment time
in order to not pressurize the participants. These notifications were indicated on the cover of the
questionnaire in advance. In the analysis phase, data from the perceived trust evaluation of LDA and
SA collected from a total of 21 subjects and 37 paragraphs were used. Consequently, it was possible to
judge the average perceived trust per paragraph.

3.5. Data Analysis

In our study, analysis of variance (ANOVA) and post-analysis were conducted to analyze the
perceived trust difference by affective level. Since the level of the independent variable according to
the experimental design was three groups (low, medium, high), ANOVA analysis was used to test the
difference in perceived trust among the groups. In addition, the number of cases in each group was the
same and the normality assumption was achieved, and the Student–Newman–Keuls (SNK) method
was used for post-analysis. The statistical program used for the analysis was the IBM SPSS Statistics
package (Ver. 25.0).
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4. Results

The main result of this study is the difference in response of the dependent variable (perceived trust
of main word summarization algorithm) according to the independent variable after analysis of the
difference of the perceived trust score between LDA and SA according to the paragraph affective level.

4.1. Perceived Trust of Latent Dirichlet Allocation (LDA)

4.1.1. Average of Perceived Trust

The results of LDA perceived trust evaluation according to paragraph affective levels are as
follows: The mean score of the paragraph at the low level is 3.40 (standard deviation: ±0.41), the
middle level is 2.97 (standard deviation: ±0.28), and the high level is 3.11 (standard deviation: ±0.35).
In other words, if the affective level is high or low, the level of perceived trust usually indicates a
level above normal. But, if the affective level is medium, the level of perceived trust shows a level
below normal.

4.1.2. ANOVA and Post-Analysis

The results of ANOVA analysis and post-analysis using SPSS are as follows. First, our ANOVA
analysis indicated that the influence of the affective level on the perceived trust of the LDA evaluation
algorithm was statistically significant (p-value < 0.05), as shown in Table 1. In other words, there is
a perceived trust difference between the users according to the affective level of the paragraph. In
addition, SNK as the post-hoc analysis was conducted to verify the differences in affective levels, as
shown in Table 2. As a result of this analysis, paragraphs with low affective levels were classified into
one group, and those of medium and high affective levels were classified into one group. Figure 2
depicts the average LDA confidence score for each affective level in the paragraphs.

Table 1. Analysis of variance (ANOVA) results corresponding to the application of Latent Dirichlet
Allocation (LDA).

Sum of Squares
(Type III) DF Mean Square F p-Value

intercept theory 7688.995 1 7688.995 1387.875 0.000
error 110.802 20 5.540

affective level
theory 23.952 2 11.976 13.153 0.000
error 36.421 40 0.911

subject theory 110.802 20 5.540 6.086 0.000
error 36.746 40.366 0.910

affective level×subject theory 36.421 40 0.911 1.055 0.382
error 616.491 714 0.863

Table 2. Student–Newman–Keuls (SNK) analysis of LDA results.

Affective Level N
Subset

1 2

Medium 231 2.9740
High 294 3.1054
Low 252 3.4048

p-value 0.110 1.000
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4.2. Perceived Trust of LDA+ Sentiment Analysis (SA)

4.2.1. Average of Perceived Trust

The results of the perceived trust evaluation as per LDA+SA according to the affective levels of the
paragraph are as follows. The mean of the paragraph at the low level is 2.90 (standard deviation: ±0.42),
the middle level is 2.73 (standard deviation: ±0.50), and the high level is 2.62 (standard deviation:
±0.22). Perceived trust for all affective level was below 3 points. In general, users’ satisfaction with
algorithm results was slightly dissatisfied.

4.2.2. ANOVA and Post-Analysis

The results of ANOVA analysis and post-analysis using SPSS are as follows. As per ANOVA
analysis, the influence of the affective level on the perceived trust of the SA evaluation algorithm was
not statistically significant (p-value = 0.101) as shown in Table 3. In other words, LDA+SA perceived
trust score can be observed in the same group regardless of the affective level of the paragraph. Figure 3
shows the average LDA+SA perceived trust score based on the affective level of the paragraph.

Table 3. Results of analysis of variance (ANOVA) applied to LDA+ sentiment analysis (SA).

Sum of Squares
(Type III) DF Mean Square F p-Value

intercept theory 4245.003 1 4245.003 447.374 0.000
error 189.774 20 9.489

affective level
theory 4.964 2 2.482 2.425 0.101
error 40.945 40 1.024

subject theory 189.774 20 9.489 9.273 0.000
error 41.242 40.305 1.023

affective level×subject theory 40.945 40 1.024 1.099 0.317
error 469.425 504 0.931
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5. Discussion

The participants revealed a relatively high perceived trust score for LDA processing low affective
text. This shows that the LDA algorithm is effective in extracting the topics of text with a low affective
level that mainly consists of terms indicating objective information or facts. According to related
research [35], we note that SA is used to summarize the characteristics of paragraphs that mainly
include subjective opinions or affective expressions, such as highly affective paragraphs. In the study
by Turney [36], SA was used to analyze review texts corresponding to specific writing interests such
as automobiles, movies, and travel. In Turney’s study, the sentiment orientation of the text was
determined based on the amount of information regarding the words used with apparent affective
vocabulary, such as “excellent” or “poor”. As result, the more emotional vocabularies that are contained
in text, the sentiment orientation has a greater value.

However, in this study, we observed no statistically significant difference in the perceived trust
of LDA+SA with respect to the affective level. A plausible reason for this result is that there are
differences in the text attributes used across studies. The results of keywords extraction through
LDA+SA are basically affected by the attributes of the text itself to be analyzed. Therefore, the
vocabulary represented by the attributes of text (papers, magazines, newspaper articles, etc.) may vary,
even if the text indicates the same subject.

This study used the university entrance examination texts as a case study to investigate the effect
of LDA+SA. The main topics of the texts cover the contents, such as how to improve creativity, efforts
to improve security systems, lack of organized efforts by disaster response organizations, and the role
of sports as a means of sustainable development. Although there are some text sections that express
subjective opinions, the exam texts mostly include the descriptions of specific methods, problems, and
objective information. However, in other related research [17–19], mainly reviews of products and
articles in SNS were used, and the relevant paragraphs revealed a clearer subjectivity and included
a relatively large number of expressions of positive and negative affect. In fact, Myung et al. [37]
collected review text from an online shopping mall as experimental data and then analyzed it based on
the polarity information of the vocabulary, indicating the characteristics of each product. The polarity
information for the product is expressed as “uncomfortable” or “ease of use”.

The implications of this study are as follows. There are limits to the applicability of SA itself,
which can impact the result. SA used in this study is applied at the word level, and the performance of
the algorithm itself may be somewhat restricted. For example, after analyzing that the text is composed
of three positive words and one negative word, it is judged to be “positive text” consisting of two
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positive words as a whole. In other words, simply counting the number of positive or negative words
is not sufficient to interpret the overall meaning of the text. In addition, there are some parts of the
collected text data that are not related to the affect. Thus, it is possible to propose a process extracting
only portions to be subjected to SA after data collection is completed. For example, statements that
only address facts, such as “buying a new laptop today”, can be categorized as objective texts. These
statements could be initially excluded from the analysis. Consequently, the major contribution of this
study is to lay a foundation for a transition of prevailing technical viewpoints in the integration of
LDA and SA to a user viewpoint. Indeed, there are various studies addressed the integration of LDA
and SA through an improved semantic algorithm for LDA [38–40]. However, existing studies lack
important discussion for how users perceive information delivered from LDA and SA. The findings
from this study may provide a plausible explanation for the necessity of a topic modeling algorithm
that provides more trustworthy outputs, depending on the extent to which affective level is associated
with the text.

In addition, there are limitations to applying LDA as well. There may be limitations due to the
Dirichlet distribution modeling the variability among the ratios of keywords. Analyzing the keywords
on the basis of occurrence of the words, rather than grasping them in the overall context, may reduce
the user’s confidence in the interpretation of the results. For example, even if a paper on sports
is a subject that is relatively more relevant to health than international finance, it is not possible to
model accurate subject associations if health-related words appear frequently in the paragraph on
international finance. Therefore, in order to overcome these limitations, we can consider the correlation
topic model (CTM) instead of LDA in future studies. CTM is superior to LDA in the predictability of
modeling and is a more realistic approach to visualizing and navigating unstructured data sets [41]. In
fact, the LDA model predicts keywords based on potential topics implied by the observations, but
the CTM can predict items on additional topics that may be conditionally related. Moreover, the
documents used in this study were English paragraphs, but the subjects were all Koreans. Although
we recruited the subjects with appropriate English ability, we did not fully address the difference in
language ability among individuals.

6. Conclusions

The purpose of this study was to assess the usability of topic modeling algorithm as the user-centric
aspects. Also, the affective level of text in a paragraph, as well as the frequency of existing words, were
considered for the method of extracting subject words from text. The algorithms that summarize the
characteristics of paragraph are employed for the case where LDA is used singly and the case where
LDA and SA are applied together. The paragraphs provided to the users were composed of assignment
tests. Subjects were asked to evaluate the perceived trust of a set of keywords derived using algorithms.
At this time, the affective level of the paragraph was classified using the Stanford NLP to analyze
the difference of the perceived trust evaluation according to the affective level of the paragraph. In
analyzing this perceived trust, we also interpreted the results not only from the technical characteristics
of the algorithm but also from the ergonomic viewpoint. As a result, the effect of affective level of
text on the perceived trust of LDA algorithm was found to be statistically significant, and we found
through post-analysis that the perceived trust of the paragraphs with low affective level was higher
than those of the mid- and high-affective-level ones. In the case of LDA combined with SA, the effect
of the affective level of text on the perceived trust was not statistically significant.

From our results, we can draw the conclusion that it is possible to select and use algorithms that
summarize subject words according to the affective level of the document. In terms of SA, there has
been a focus on the classification of affirmative and negative vocabularies in text and then calculating
the frequency of these polar vocabularies. In the future, in order to improve the effectiveness of SA, it
is necessary to analyze not just the word level but the property of the text. Furthermore, it is expected
that a corpus that accumulates affective expressions utilized by actual users will need to be constructed.
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