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Evaluation of Posts by Bioinformatics Code Developers on Stack
Overflow Platform: Topic Modeling and Community Detection

Highlights

«  The main areas of bioinformatics developers’ Genomic Research and Analysis.
«+ Topics included gene expression, protein interaction prediction, and genomic data management.
«» The presentation identified seven bioinformatics communities and described 100 central items.

Graphical Abstract

In this study, posts of bioinformatics code developers on the Stack Overflow platform between March 2017 and 2024
were analyzed using LDA topic modeling and the Louvain community finding algorithm.
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Figure. Graphic Abstract
Aim
In this study, we present an analysis of the posts shared on the Stack Overflow website within the field of
bioinformatics. We examine the types of questions, the tools and methods discussed, and the trends and patterns noted
in the bioinformatics-related discussions on this platform.
Design & Methodology
In this study, we analyzed the a Mbout bioinformatics on the Stack Overflow platform using LDA topic
modeling and the Louvain{omm i 1‘i)8ing algorithm.

Originality

The originality of thiggstudy Y§to gah a deeper understanding of the challenges faced by code developers in bioinformatics. It is
anticipated that 1 dlihgs wi ntify areas of knowledge that are currently lacking in the field, thereby guiding future research
efforts based}Lth sigh

Findings

Our finding revealed that bioinformatics developers’ questions focused on 28 topics in four main categories. We also presented

that topics in bioinformatics consist of seven communities and the trends of these communities and the relationship between the
100 most central words.

Conclusion

Based on the results we obtained from this study, the problems that bioinformatics developers have encountered over time have
been revealed with topic modeling and community detection.
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ABSTRACT

of bioinformatics. We analyzed the posts shared about bioinformatics on the Stack Overflow plafo
and the Louvain community finding algorithm. Our finding revealed that bioinformatics develdper:
in four main categories. We found that the most popular topics were “Gene Expression
Prediction”, “Gene and Protein Structure Analysis”, “Sample Analysis in Network Proble
Besides, we also presented that topics in bioinformatics consist of seven communities and‘t
relationship between the 100 most central words. Our finding also revealed that the topi

been revealed with topic modeling and community detection.
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Biyoenformatik Alanindaki Kod Gelistiricilerin Stack
Overflow Platformunda Paylastiklar1 Sorularin
Degerlendirilmesi: Konu Modelleme ve Topluluk
Tespiti
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1. INTRODUCTION

Bioinformatics integrates computational techniques and
algorithms with biological data analysis, playing a crucial role
in the field [1]. This interdisciplinary approach has led to
progress in various areas of life sciences, such as genomics,
proteomics, and molecular medicine [2]. The explosion of
biological data from high-throughput sequencing technologies
has created an immediate requirement for efficient data
management, storage, and analysis methods [3, 4].

Bioinformatics encompasses a wide range of studies, including
the analysis of genetic data, protein structures, systems biology,
and personalized medicine [5]. In recent years, there has been
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great interest in developing advanced algorithms for collecting
and processing high-volume biological data [6]. The integration
of artificial intelligence and machine learning techniques has
revolutionized the discovery of genetic variations and
biomarkers, leading to significant advancements in biomedical
research and clinical applications [7]. In addition, these
technological advances have led to the development of new
approaches in big data analytics and computational biology,
further advancing bioinformatics studies [8-10]. In this context,
bioinformatics continues to play a critical role in biological
research and medical applications thanks to rapidly developing
data analysis tools.



Stack Overflow, a widely used platform for developers, has
become a valuable resource for the bioinformatics community.
The discussions and problem-solving threads on this website
offer valuable insights into the real-world challenges
encountered by bioinformatics practitioners and the
corresponding strategies utilized to tackle these challenges [11].
To understand the topics discussed on Stack Overflow and
analyze the textual data obtained from this platform to
determine trends. The analyses also uncover significant
implications for the research field [12].

Questions posed on knowledge-sharing platforms like Stack
Overflow serve as a valuable data source for identifying
knowledge gaps in bioinformatics and the practical challenges
developers face. Topic modeling methods can be employed to
uncover the semantic relationships formed by the rapidly
growing body of textual data in bioinformatics. Latent Dirichlet
Allocation (LDA), a widely used technique in topic modeling,
is a text mining method designed to uncover hidden thematic
structures within large datasets [13]. Topic modeling
algorithms identify patterns within textual data by generating
topics and using these topics to associate documents with
similar content [14]. This approach to analyzing textual data is
utilized across various disciplines, including social sciences and
computer science [15].

Another method for identifying semantic relationships within
textual data in bioinformatics is the use of community detection
algorithms. Community detection algorithms are extensively
used in fields such as social network analysis and
bioinformatics, and in recent years, they have also become a

key tool for uncovering semantic relationships in textual datg@

[16, 17]. These algorithms identify clusters of words ®
concepts within a text to reveal its underlying semanti
structures. Graph-based approaches, particularly the Logvai
algorithm, are highly effective in detecting communiti i

topics in social media data or to recognize com

scientific articles [19]. As a result, i
algorithms offer powerful methods
structure of textual data a
relationships within the data [207.
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Yousgef and Rich (2018) used the LDA model
i’ research in bioinformatics and examined
ived more attention. As a result of the study,
“cancer biology” and “clinical informatics” were identified as
the most popular research categories, while “next-generation
sequencing”, “metagenomics”, “PPIs”, and “microbiome
analysis” were identified as developing research areas [21].
Ebrahimi et al. (2023) utilized the LDA and TF-IDF models to
analyze bioinformatics literature submitted to the Scopus
Citation Database by Iranian researchers. Their findings
indicated that the main topics included “molecular modeling,”
“gene expression,” “biomarker,” “coronavirus,”
“immunoinformatics,” “cancer bioinformatics,” and “systems
biology” [22]. These studies highlight the effectiveness of LDA
and similar topic modeling techniques in identifying
bioinformatics research trends.

In this research paper, we present an analysis of the posts shared
on the Stack Overflow website within the field of
bioinformatics. We examine the types of questions posed, the
tools and methods discussed, and the trends and patterns noted
in the bioinformatics-related discussions on this platform. In
this study, we aim to determine the topics that users talk about
by analyzing the questions asked on Stack Overflow about
"Bioinformatics" using the topic modeling technique LDA. In
addition, we aim to identify communities by analyzing the tags
associated with these questions using the Louvain algorithm.
Our goal is to determine the popularity of the tags used in
bioinformatics and to analyze the distribution of these tags by
year. The anticipated results are expected to provide a deeper
understanding of the challenges faced by code developers in
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software development procgsse i
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the downloaded data is given in Figure

#es” indicates the keywords associated with the
“view count” indicates the number of times the
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hm in the “title” analysis and the Louvain algorithm in

he tacs” analysis. Data lines with empty “title” and “tags™ data
were removed from the data and the analysis was performed
using the remaining 6,093 data. The total number of analyzed
words is 56,449 for “title” and 16,594 for “tags”.
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Figure 1. Stack Overflow data
2.2. Data Preprocessing

In data pre-processing operations, punctuation marks, HTML
tags, and characters other than alphabetic characters
(meaningless characters, web links, and numbers) were
removed from the data. All letters are converted to lower case
to avoid differences between words. Data consisting of
sentences is separated into words by the tokenization process.
Ineffective words that do not disrupt the semantic integrity of
the data were removed from the data. For this purpose,
previously determined English stopwords were extracted from
the data using the Python nltk library. Lemmatization involves
identifying word roots and reducing words while preserving
meaning. Finally, bigrams and trigrams operations were



performed using the n-gram method to detect the consecutive
use of words in pairs or triplets.

selection of these parameters is very important for the efficient
operation of the algorithm, topic selection and distribution of

Table 1. Parameter values for LDA

Parameter Brief Explanation Value
num_topics Number of topics to be obtained from the documents [2-30]
random_state Random seed determinant that ensures the same results are reproduced 100
update_every Determines how often model parameters are updated 1
chunksize Number of documents to be used in each training iteration 1000
passes Total number of training iterations 5
o Coefficient that determines document-subheading density. A high value of a finds more symmetric
headings, while a low value of a finds fewer subheadings.
B Coefficient determining word-subheading density. A high B value indicates that a heading symmetric
consists of a large number of words, while a low B value indicates that a heading consists
of fewer words.
per_word_topics If the model is desired to be found as a list of topics sorted in descending order of the most True

probable topics for each word, the value True is given.

2.3. Topic Modeling Latent Dirichlet Allocation
(LDA)

Topic modeling is an unsupervised method that enables the
discovery of latent semantic structures known as topics in
textual data [23, 24]. In this study, Latent Dirichlet Allocation
(LDA) method, one of the topic modeling methods, was used.
LDA is an unsupervised topic modeling method that detects
topics in textual data in a way that best provides maximum
likelihood or posterior probability [13, 25].
LDA aims to perform an optimization over the probabilities@®
word | topic) and P( topic | document). Topic modeling i
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step, topics and documents are randomly matched,
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Figure 2. LDA model architecture

M

As illustrated in Figure 2, M is the total number of documents,
K is the number of hidden topics, a and B are Dirichlet
parameters. ® shows the probability of finding the topics in the
document, and ¢ shows the distribution of words in the topics.
Z represents the topics assigned to each word. The LDA
algorithm assumes that a word belongs to a topic and a
document belongs to at least one topic. A document may also
belong to more than one subject. Due to this multiplicity, the
Dirichlet distribution Dirt(e) is needed and at this point the
Dirichlet parameter o is used. Therefore, the value of the
Dirichlet parameter a directly affects the result of LDA. The

topics.
In LDA, the number o
value [26]. The
between w@s.
an appropgiat
the highesi(value

7
Mﬁined by the coherence
va easures the similarity

tant to model the system with

, the LDA model was developed on the Google
Pro+ platform using the Gensim library in the

gpropriate coherence value, models were created between
#fid 30 topics and their coherence values were compared.
Accordingly, the parameters used to obtain the highest
coherence score are presented in Table 1 with their
explanations.

As demonstrated in Table 1, a and § parameter values with the
highest coherence scores are "symmetric”. According to these
parameter values, the optimum number of topics was found to
be 28. Accordingly, the coherence score distribution in
determining the optimum number of topics is illustrated in the
graph in Figure 3.

- C

0.60

0.55 1

0.50

0.45

0.40 4

Coherence score

0.35 4

0.30

0.25 1

T T T T T T
5 10 15 20 25 30
Num Topics

Figure 3. Num topics and coherence score

2.4. Louvain Community Detection Algorithm

A group of entities in a dataset that are more closely related to
each other is called a community [27]. The intense interaction
between entities can be measured by similarity or distance.
Community detection aims to uncover groups of nodes that are



densely related to each other. In this study, the Louvain
algorithm was used to detect communities of textual data
through network analysis. Louvain algorithm is used in many
application areas due to its fast convergence properties, high
modularity and hierarchical partitioning [28, 29]. The Louvain
algorithm, one of the unsupervised algorithms, is suitable for
use in large networks thanks to its ability to recreate
communities.

The Louvain algorithm is a hierarchical method. This algorithm
partially uses greedy optimization, and includes an additional
step of rebuilding communities to improve usability across the
wider network. Each node is initially considered as a
community. The modularity gain, AQ, for each node is
calculated by adding the node to its neighboring communities.
The node is added to the community with the highest
modularity gain and removed from the old community it
belongs to, or remains in the old community in case there is no
gain. Louvain applies this procedure for each node in
successive iterative steps until no improvement occurs.
Indicates the end of step one, when there is no improvement and
the iterations are stopped. Step 2 involves creating a new
network using the communities found at the end of step 1. In
the new network, connections within a community are shown
as self-loops, and connections between communities are shown
as weighted connections. Then step 1 is applied to the newly
established network again and this process continues until the
community structure remains stable.

Equation 1 shows the mathematical equation of the Louvain
algorithm. In this equation, AQ represents the modularity value,

>'in represents the total value of weights in the collection Gg

and Ytot represents the total value of weights of ed@®
connected to vertices in C. In addition, the total weight of th
edges connected to vertex i is expressed as ki, the total valie o
the weights of the edges between vertex i and commugfity C i

expressed as ki,in and finally the total value of the ileight
all the edges in the network is expressed as m.

L(n+2klﬂ! Etut‘”‘i 2 Em Elm
AQ = [ 2m _(2m)]_ﬂ_ 2m _Zm)] )

In this study, the communities
algorithm and the centrally dete

field of bioinformatics,
year and number of i

title” and “tag” data of posts related to
bioinformatics orfpthe Stack Overflow platform. LDA model
was developed for topic modeling and topics were determined
after determining the optimum parameter values. According to
the data obtained from Stack Overflow platform, we found that
there are 28 ideal topics related to bioinformatics and 10
descriptive words for each topic.

The keywords, topic names and rates related to the identified
topics are presented in detail in Table 2.

As demonstrated in Table 2, descriptive keywords were
determined for each topic and given as the ratio of the topic to
which each document was assigned in the entire corpus. The
ratios given in Table 2 are listed in decreasing order according
to their percentages. Accordingly, the 5 most important topics
in the field of bioinformatics were found to be “Script
Mapping”, “Genomic Data Management”, “Generating
Mutation Formats”, “Genome Assembly Methods”, “Human
Metagenomic Analysis”. When the ratios were examined, the 5
topics with the least importance level were found to be
“Mapping and Removing Patterns”, “Gene Expression and
Function”, “Gene Set Enrichment Analysis (GSEA) Test and
Analysis”, “Genetic Residue Analysis”,
Data Models”.

the pyLDAVvis tool for the WStr'u I
with the LDA model. In thg grap °
keywords belonging to thegtopics ¥

pyLDAV|s the
Sgpted in decreasing

shown as P g 4. The top 30 words related to
the topic @e g display of the topics. Accordingly, the
blue area given i ph indicates the frequency over the

selected topic was detected. As an
belonging to Topic 1 are illustrated in
gméraphs related to other topics are presented in

understand the basic knowledge areas of researchers who do
programming/code development in the field of bioinformatics,
the topics discovered with the LDA model were divided into
categories. Accordingly, the topics determined with the LDA
model are given according to categories and rates (Table 3).
As demonstrated in Table 3, the prominent titles in the field of
bioinformatics are "Genomic Research and Analysis",
"Sequence and Alignment Tools", "Computational Biology and
Bioinformatics Techniques" and "Programming and Data
Management" in order of priority according to the total rate.

In the field of bioinformatics, we detected 7 communities
according to the community analysis with the Louvain
algorithm using the “tags” data of the posts on the Stack
Overflow platform. The communities and the keywords that
make up the tags are presented in Table 4.

The prominent keywords in each community are presented in
Table 4. In order to create a more understandable framework
about the popularity of these prominent communities in the
field of bioinformatics, the data obtained from Stack Overflow
is summarized in descending order according to the “view
count” variable and illustrated in Figure 5.



Table 2. Topics and topic information determined by LDA

Topic Words and weights Topic Name Topic
Number Rate
1 0.091*"script" + 0.080*"low" + 0.065*"mapping" + 0.054*"error" + 0.052*"interpret" + Script Mapping %7
0.049*"value" + 0.031*"bash_script" + 0.030*"plant" + 0.028*"report” + 0.027*"total"
2 0.121*"reference” + 0.113*"create” + 0.085*"file" + 0.068*"site" + 0.058*"index" + Genomic Data %5
0.052*"filter" + 0.052*"genome" + 0.047*"time" + 0.043*"know" + 0.032*"memory" Management
3 0.169*"generate" + 0.134*"format" + 0.093*"mutation™ + 0.079*"long" + 0.052*"transcript" + Generating Mutation %4.7
0.036*"common" + 0.033*"quality" + 0.031*"uniprot" + 0.013*"refseq" + 0.011*"form" Formats
4 0.169*"genome" + 0.097*"assembly" + 0.090*"gene" + 0.078*"method" + 0.073*"name" + Genome Assembly %4.4
0.037*"merge" + 0.035*"genbank" + 0.034*"organism" + 0.025*"particular" + 0.025*"obtain" Methods
5 0.096*"column” + 0.086*"design" + 0.054*"enrichment" + 0.053*"match" + 0.049*"motif" + Human Metagenomic ~ %4.4
0.045*"metagenomic” + 0.040*"human" + 0.036*"solve" + 0.034*"'row" + 0.033*"reproduce” Analysis
6 0.212*"result" + 0.089*"bacterial" + 0.084*"annotation" + 0.056*"table" + 0.043*"genome" + Bacterial Genome %4.3
0.041*"search" + 0.037*"block" + 0.034*"value" + 0.026*"style" + 0.026*"clinical" Value Analysis
7 0.201*"get" + 0.100*"database" + 0.065*"try" + 0.051*"genomic" + 0.046*"effect" + Public Genomic %4
0.045*"coordinate” + 0.044*"blast" + 0.028*"public" + 0.028*"conservation" + 0.025*"con" Databases
8 0.231*"protein” + 0.111*"calculate” + 0.063*"predict" + 0.056*"cluster" + Protein Interaction %3.9
0.045*"bioinformatic" + 0.040*"visualize" + 0.035*"software" + 0.033*"snakemake" + Prediction
0.030*"nucleotide" + 0.028*"interaction"
9 0.198*"variant" + 0.095*"specific" + 0.087*"identify" + 0.070*"genotype" + 0.054*"code" + Identifying Genotype %3.9
0.047*"loop" + 0.038*"measure” + 0.036*"help" + 0.029*"final" + 0.020*"annotate" Variants
10 0.071*"string" + 0.062*"order" + 0.049*"core" + 0.047*"status" + 0.046*"retrieve" + String Database and %3.8
0.046*"book™ + 0.045*"locus" + 0.027*"pymol" + 0.026*"record" + 0.022*"phase" Genomic Locus
11 0.179*"plot" + 0.078*"python" + 0.077*"group" + 0.074*"package" + 0.064*"deseq" + Feature Selectionand ~ %3.6
0.049*"show" + 0.037*"object" + 0.034*"feature" + 0.031*"selection” + 0.020*"copy" Plotting
12 0.172*"cell" + 0.113*"single" + 0.109*"sample" + 0.062*"build" + 0.057*"extract" + Extracting and %3.6
0.056*"download" + 0.049*"compare" + 0.032*"data" + 0.027*"normal" + 0.027*"type" Analyzing Single Cell
Samples
13 0.096*"structure” + 0.091*"gene" + 0.090*"protein” + 0.074*"text" + 0.049*"parse" + Gene and Protein %3.6
0.048*"pdb" + 0.046*"information" + 0.041*"express" + 0.029*"additional" + 0.023*"symbol" Structure Analysis
14 0.343*"analysis" + 0.058*"input" + 0.056*"fail" + 0.046*"perform" + 0.039*"high" + Analysis of High- %3.5
0.029*"set" + 0.029*"significance” + 0.027*"understand" + 0.024*"polish" + Performance Data
0.018*"methylation"
15 0.104*"network" + 0.101*"position™ + 0.053*"comparison™ + 0.048*"sample" + Sample Analysis in %3.5
0.045*"problem™ + 0.042*"deletion" + 0.041*"visualisation" + 0.037*"contact™ + Network Problems
0.029*"normalization™ + 0.025*"replicate"
16 0.094*"region™ + 0.090*"'set" + 0.081*"gene" + 0.080*"list" + 0.050*"coverage" + Peptide Sequences %3.3
0.036*"peptide” + 0.036*"seq" + 0.033*"calculation” + 0.031*"start" + 0.030*"similarity" Coverage Analysis
17 0.219*"output™ + 0.098*"'score” + 0.081*"issue" + 0.053*"large" + 0.038*"homer" + Large Scale Sequence  %3.1
0.038*"salmon" + 0.036*"aligner" + 0.027*"scale" + 0.026*"short" + 0.024*"imputation" Alignment Analysis
18 0.393*"sequence” + 0.093*"alignment" + 0.092*"tool" + 0.040*"link" + 0.037*"tree" + Sequence Alignment %3.1
0.031*"correlation™ + 0.027*"prediction" + 0.026*"chain" + 0.019*"compare" + Tools
0.019*"multiple"
19 0.126*"matrix" + 0.085*"location™ + 0.077*"length" + 0.074*"amino_acid" + 0.051*"rsid" + Amino Acid Matrix %3
0.047*"dump" + 0.043*"allele" + 0.038*"quantify" + 0.026*"open" + 0.024*"include" Analysis
20 0.129*"number" + 0.069*"header" + 0.062*"module” + 0.049*"change" + 0.049*"way" + Determining Changes ~ %2.9
0.043*"'study" + 0.039*"threshold" + 0.033*"variable" + 0.033*"determine" + 0.031*"upset" in Thresholds
21 0.270*"different" + 0.108*"base" + 0.085*"add" + 0.047*"contain" + '0.037*"check" + Different Base %2.9
0.030*"chromosome" + 0.029*"'question" + 0.026*"'post" + 0.024*"omic" + Combinations
0.023*"performance"
22 0.346*"datum" + 0.087*"way" + 0.072*"good" + 0.051*"look" + 0.045*"miss" + Synthetic Data and %2.9
0.042*"synthetic" + 0.029*"repeat" + 0.020*"chip" + 0.020*"algorithm" + 0.014*"access" Algorithms
23 0.408*"file" + 0.088*"multiple” + 0.087*"vcf" + 0.076*"fastq" + 0.041*"convert" + File Format %2.8
0.038*"bed" + 0.033*"bam" + 0.031*"extract" + 0.017*"pdb" '+ 0.016*"fast" Conversion
24 0.234*"read" + 0.103*"give" + 0.076*"count" + 0.072*"map" + 0.042*"remove" + 0.038*"pair" Mapping and %2.7
+0.035*"split" + 0.034*"unique" + 0.029*"pattern" + 0.025*"exact" Removing Patterns
25 0.294*"gene" + 0.107*"expression” + 0.068*"function" + 0.043*"classification" + 0.039*"size" Gene Expression and %2.7
+ 0.032*"specific" + 0.029*"label" + 0.028*"limma" + 0.025*"differential" + 0.023*"insertion" Function
26 0.184*"run" + 0.153*"test" + 0.074*"gsea" + 0.069*"call" + 0.053*"produce" + Gene Set Enrichment  %2.5
0.048*"difference™ + 0.037*"profile" + 0.031*"support" + 0.031*"soft" + 0.017*"bcftool" Analysis (GSEA)
Test and Analysis
27 0.260*"find" + 0.060*"population” + 0.058*"distance™ + 0.057*"residue™ + 0.045*"line" + Genetic Residue %2.5
0.039*"installation" + 0.038*"pipeline" + 0.035*"command" + 0.028*"return" + 0.027*"genetic" Analysis
28 0.211*"error" + 0.128*"dataset" + 0.071*"mean" + 0.062*"process" + 0.052*"model" + Error Handling in %2.3
0.051*"work" + 0.029*"category" + 0.024*"distinguish" + 0.023*"properly" + 0.023*"gsva" Data Models
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Figure 4. Graphical representation of the developed LDA model in pyLDAvis
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Table 3. Categorization of topics determined according to the LDA model
Category Topic Name Topic Rate Total Rate
Genome Assembly Methods %4.4
Human Metagenomic Analysis %4.4
Bacterial Genome Value Analysis %4.3
Genomic Research and Public Genomic Databases %4 %287
Analysis Identifying Genotype Variants %3.9 '
Gene Expression and Function %2.7
Gene Set Enrichment Analysis (GSEA) Test and Analysis %2.5
Genetic Residue Analysis %2.5
Extracting and Analyzing Single Cell Samples %3.6
Peptide Sequences Coverage Analysis %3.3
Large Scale Sequence Alignment Analysis %3.1
Sequence and Alignment Sequence Alignment Tools %3.1 %245
Tools Amino Acid Matrix Analysis %3 '
Different Base Combinations %2.9
File Format Conversion %2.8
Mapping and Removing Patterns %2.7
Protein Interaction Prediction %3.9
String Database and Genomic Locus %3.8
Computational Biology and Feature Sele_ction and Plotting . %3.6
Bioinformatics Techniques Gene and Protein Structure Analysis %3.6 %24,8
Analysis of High-Performance Data %3.5
Sample Analysis in Network Problems %3.5
Synthetic Data and Algorithms %2.9
Script Mapping %7
Programming and Data Genom_ic Data M_anagement %5
Management Generating Mutation Formats %4.7 %21,9
Determining Changes in Thresholds %2.9
Error Handling in Data Models %2.3




Table 4. Communities detected with the Louvain algorithm

Community Keywords
Number
1 ['hashing', 'k-mer', 'nanopore’, ‘genome’, ‘positive-selection’, 'ngs', 'simulated-data’, ‘assembly', ‘de-bruijn-graphs', ‘long-reads', ‘genome-

sequencing', ‘canu', 'star', 'minion’, 'barcode’, 'adapter’, ‘trimming’, ‘'metagenome’, 'qc', 'quality-control', ‘pacbio’, 'scaffold', 'crispr', 'khmer',
‘rna-alignment’, ‘rna-splicing’, ‘albacore’, ‘illumina’, ‘fast5', ‘gmap’, ‘errors', ‘microbiology', 'bacteria’, ‘data-preprocessing’, '1d2-reads’,
‘blasr', 'minknow', 'porcine’, 'base-calling’, 'seqtk’, 'cutadapt’, 'genome-index’, 'galaxy’, ‘'read-correction’, ‘pcr’, 'library’, ‘demultiplexing’,
'paralogs', ‘fastqc', 'microbial-genomics', ‘microbiome’, '16rrna’, 'ecology’, 'mice’]

2 ['hgp’, ‘phylogenetics’, 'docking’, ‘fasta’, ‘'sequence-alignment’, ‘codon’, ‘phylogeny’, ‘blat', ‘blast’, 'data-management', 'nucleotide-models’,
'linux', 'protein-structure’, 'motifs’, 'python’, 'pdb’, 'shell’, 'benchmarking', 'hidden-markov-models', 'sequence-analysis', 'text', ‘api', 'rna-
structure', ‘covid-19', 'sars-cov-2', 'sequence-homology’, ‘quantification’, ‘taxonomy', ‘thermodynamics', ‘interactions’, 'perl’, '3d-structure’,
'literature-search’, 'homework’, '‘domains', 'virulign', 'awk', ‘coverage', 'parsing', 'mtdna’, 'heteroplasmy’, 'protein-protein-interaction’,
‘blastp’, ‘structural-biology', 'looper’, 'yaml', 'systems-biology', ‘mauve’, 'primer’, 'software-usage', ‘virus', 'pssm'’, ‘psi-blast', ‘duplications’,
‘bitscore’, 'makeblastdb’, 'bash’, ‘orf', 'bugs’, ‘orthologues’, 'ete3', 'mrbayes’, 'membrane-protein’, 'beast’, 'genometools', 'nomenclature’,
‘pymol’, 'entrez', 'efetch’, 'sequence’, 'rosetta’, ‘pyranges', ‘population-genetics', 'loop’, 'epidemiology’, ‘coronavirus', 'molecular-clock’,
‘aws', 'synonymous-mutations', 'bioedit’, 'phangorn’, 'matrix’, 'godon’, 'molecular-dynamics’, 'gromacs', 'lipid-bilayer', ‘orthofinder’, 'grep’,
‘e-utilities', 'seqio’, ‘multiple-sequence-alignment', ‘ggtree’, 'rdkit', 'biopython’, ‘substitution-model', ‘'haplotypenetwork’, ‘curl’, 'segkit’,
'multi-fasta’, 'parallel’, 'command-line', 'segmasker', 'sed, 'populations', 'ragtag’, 'for-loop', 'tsv', hiv', 'dna’, 'whole-genome', 'substitution’,
‘amino-acids', 'distance’, ‘ancient-dna’, 'dss', 'differential-methylation’, ‘alphafold’, igtree’, ‘brap’, ‘dnanexus', ‘biobank’, 'zsh', ‘cpu’, 'ksnp4',
‘peptide’]

3 ['genotyping’, 'gatk’, 'snp', 'structural-variation', ‘variant-calling', 'genomics’, 'cancer', 'vcf', 'variation', 'snv', ‘wgs', ‘array-cgh’, 'exome’,
‘gwas', 'imputation’, 'liftover', 'terminology’, ‘indel’, 'isoform’, ‘filtering’, 'radseq’, 'workflow-management', 'human’, ‘molecular-genetics',
‘plink’, ‘cnv', 'mutations’, 'somatic’, ‘non-coding', 'haplotypes', 'ld', 'vcftools', 'maf’, ‘copy-number’, 'snp-chip’, 'adam’, 'pedigree’, ‘docker’,
‘wdl', ‘genetics', 'phasing’, ‘figure-explanation’, 'point-mutation’, 'bcftools’, ‘circos', 'maftools’, ‘text-mining’, 'nextflow’, '1000genomes’,
‘allele-frequency’, 'snpeff', 'tabix’, 'chromosomes’, 'qtls', 'variants', 'logistic-regression’, 'hgl9', 'deep-learning’, 'polygenic-risk-score',
‘pytorch’, 'multi-allelic’, ‘wes', 'pathogenicity’, ‘variant-filtration', ‘pbwt’, 'tools’, ‘phred-scores', ‘gnomad', 'rsid', 'dictionary’, 'admixture’,
‘singularity’, 'fst', 'mutect2’, 'annovar', 'troubleshooting’, 'dbnsfp']

4 ['proteins', 'transcriptome’, 'rna-seq’, 'normalization’, 'r', ‘fpkm', 'microarray’, 'gse’, 'bioconductor', ‘deseq2’, 'differential-expression’,
‘modelling’, ‘statistics', 'networks', ‘cell-line’, ‘computation’, ‘ebseq’, 'rsem’, ‘'scrnaseq’, ‘clustering’, 'hts', 'flow-cytometry', 'subset', ‘edger’,
'methylation’, 'rna’, 'pathway’, '10x-genomics', 'visualization', 'best-practice’, 'data-download', '‘combat’, 'strandedness’, 'gsea’, 'biostrings',
'go', 'go-enrichment’, 'single-cell’, ‘geoquery’, 'spike-in', 'matlab’, ‘software-quality’, 'gviz', ‘ggplot2', ‘salmon’, 'pca’, 'scran’, 'linear-
regression’, 'ribosomal’, 'batch-effects', 'heatmap’, ‘ercc’, 'merge’, ‘cellranger’, 'tximport', ‘tx2gene’, 'figure-reproduction’, 'upsetr’, 'noise',
‘gene-expression’, ‘public-dataset', ‘seurat’, ‘groupgo’, ‘clusterprofiler', 'mass-spectrometry’, 'limma’, ‘umap’, ‘genomicranges', ‘chromplot’,
‘tdtomato’, 'secondary-structure', 'proteomics', ‘cummerbund’, ‘design’, 'fusions’, ‘rcurl’, 'tpm’, 'tmm’, 'umi’, ‘geo’, 'rpy2', ‘features', 'splitseq’,
‘correlation’, 'subread', ‘featurecounts’, 'sva', 'rstudio’, ‘wgcna’, 'peptide-shaker', ‘tmt', 'fold-change’, 'maxquant’, 'kallisto', ‘stringtie’, 'java’,
‘genomefeatures’, 'p-values', 'sbml’, ‘cibersort’, 'monocle’, ‘'statsmodels’, ‘complexheatmap’, 'gtex’, 'prosite’, ‘coexpression’, ‘outlier’, 'chi-
square', 'log-likelihood', 'epigenetics’, 'meta-analysis', 'gpcr', ‘phyloseq’, ‘graphs’, 'stringdb’, 'sctransform’, ‘trinity’, '10x', 'tsne’, 'hdf5’,
‘cytoscape’, ‘'unsupervised-learning', 'deconvolution’, ‘t-test', ‘cibersortx’, 'wormbase’, ‘dimensionality-reduction’, ‘diffusion-map’,
‘biostatistics', 'inference’, 'non-parametric’, 'Ime4']

5 ['algorithms', 'reproducibility’, 'git', 'machine-learning’, ‘chip-seq’, ‘peak-calling’, 'homer’, ‘deeptools', 'encode’, 'multi-omics’, ‘transcriptome-
regulation’, 'software-installation', 'ucsc', 'atac-seq’, 'scipy’, ‘'snakemake', 'slurm’, 'trna’, ‘trnascan-se', ‘hmmer', 'bioconda’, 'sketch’, ‘'macs2’,
‘jupyter, ‘conda’, 'anaconda’, 'literature’, 'busco’, ‘transcription-factors', 'windows', 'hpc', ‘tensorflow', 'nmf, 'github', 'megax’, 'distance-
matrix', 'pairwise’, 'neighbor-joining’, 'pdist']

6 ['drugs', 'ontology', 'sequence-annotation’, ‘ensembl’, 'refseq’, ‘gencode’, 'biomart’, 'kegg’, 'database’, 'data-retrieval’, 'public-databases’,
'repeat’, 'repeat-elements’, 'transposable-elements’, ‘gene’, ‘conversion', ‘identifiers', 'gene-ontology’, ‘data-mining’, ‘centromere’, ‘telomere’,
‘uniprot’, ‘webservice', 'edirect’, ‘functional-annotation’, 'ratt’, 'embl’, ‘repeatmasker’, 'shol’, ‘blastn’, ‘computational-biochemistry', 'nt’,
‘publishing, ‘cheminformatics', 'small-molecules', 'icd-codes', 'vep', 'eggnog’, 'plants', 'pangenome’, 'grch37', ‘thlastn’, 'tsa’, 'mane’]

7 ['human-genome’, 'storage’, ‘file-formats', ‘fastq’, 'sam’, 'bwa’, 'read-mapping’, 'reads’, 'bed’, ‘format-conversion’, 'reference-genome',
'samtools', 'software-recommendation’, 'mpileup’, 'pysam’, 'impute2’, 'htslib’, 'bedtools’, ‘'sambamba’, 'gff3", ‘gtf', 'bigwig’, 'bioawk’, ‘cigar,
‘genome-browser', 'mapq’, 'mappability’, ‘text-processing’, ‘'c++', ‘interval’, ‘exon’, 'igv', 'markduplicate’, 'validation', 'sratoolkit', ‘picard',
‘genbank’, 'emboss’, 'seqret’, ‘cram’, 'base-clipping’, 'pybedtools', ‘minimap2’, ‘hi-c', 'gff', 'multithreading’, 'bowtie2', 'rseqc’, ‘chromosome-
capture', 'indexing', 'pandas’, 'cloud’, 'gffutils', 'bgzip', 'phase’, ‘fastq-dump’, 'dataframe’, 'egf’, 'sra’, ‘paf’, 'json’, ‘'ncbi', '‘parameters', 'seaborn']
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Figure 5. Most viewed communities by users

Asiillustrated in Figure 5, when the distribution of communities  over the years, we observe that Community 4 was prominent in
is examined, it is determined that Community 2 and 2017, 2018, and 2019, Community 2 in 2020, both Community
Community 4 are more prominent compared to other 2 and Community 4 in 2021, Community 4 in 2022 and 2023,
communities. When we look at the distribution of communities  and finally Community 4 until March 2024 (Figure 6).
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Figure 6. Distribution of communities by year

The analysis was carried out by taking into account the number ~ As demonstrated in Tab i vkrlominent words in
of views in determining the degree centrality weights of the  the field of bioinforma tack Overflow platform were

CEIT3

, ylogenetics”, “rna-seq”,
these 100 central words, a

keywords related to the communities given in Table 4.  determined to be
Accordingly, the 100 most central words in the field of and “sequ

bioinformatics and their degree centrality values are presented  network @ra eated by adjusting the node sizes
in Table 5. accordinWe ce i easurements (Figure 7).
Table 5. The top 100 most central words for communities
Keyword Degree Keyword Degree Keyword Degree
Centrality Centrality Centrality

python 0,4757 differential-expression  0,1517 quality-control 0,1011
R 0,4551 illumina 0,1517 chip-seq 0,0993
phylogenetics 0,4494 metagenome 0,1479 networks 0,0993
rna-seq 0,4157 read-mapping 0,1442 coverage 0,0993
sequence-alignment 0,3577 protein-structure 0,1442 long-reads 0,0974
ngs 0,3202 file-formats 0,1423 homework 0,0955
genome 0,2903 reference-genome 0,1423 proteomics 0,0955
gene 0,2734 clustering 0,1423 seurat 0,0936
phylogeny 0,2697 sars-cov-2 0,1404 perl 0,0918
fasta 0,2640 format-conversion 0,1348 algorithms 0,0899
sequence-annotation 0,2603 bed 0,1330 motifs 0,0899
sam 0,2566 wgs 0,1273 identifiers 0,0880
proteins 0,2547 ensembl 0,1255 plink 0,0861
genomics 0,2509 nanopore 0,1236 virus 0,0861
bioconductor 0,2472 machine-learning 0,1217 nchi 0,0861
sequence-analysis 0,2434 bacteria 0,1199 methylation 0,0843
statistics 0,2360 mutations 0,1199 pathway 0,0843
vcf 0,2247 cancer 0,1180 cnv 0,0843
database 0,2191 gatk 0,1161 software-usage 0,0843
snp 0,2172 modelling 0,1161 gtf 0,0824
scrnaseq 0,2060 filtering 0,1161 awk 0,0824
fastg 0,2004 data-preprocessing 0,1161 pachio 0,0805
public-databases 0,1985 reads 0,1142 taxonomy 0,0805
assembly 0,1929 data-download 0,1142 public-dataset 0,0805
variant-calling 0,1910 microarray 0,1124 literature-search 0,0787
bash 0,1835 bedtools 0,1124 multiple-sequence-alignment  0,0787
software-recommendation 0,1760 deseq2 0,1105 genotyping 0,0768
covid-19 0,1760 pdb 0,1105 genbank 0,0768
mna 0,1742 software-installation 0,1086

blast 0,1685 errors 0,1086

single-cell 0,1685 human-genome 0,1067

gene-expression 0,1685 genetics 0,1067

transcriptome 0,1610 gwas 0,1049

visualization 0,1610 k-mer 0,1030

samtools 0,1592 normalization 0,1030

linux 0,1592 variation 0,1030
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Figure 7. Network graph of the 100 most central words

ure Pthe yellow filled circles are the most
large sized circles have more viewing
etween the words given in the graph show
the relationship between the words and other words.

Developers in the field of bioinformatics focus on algorithms,
artificial intelligence, machine learning, data mining techniques
to analyze biological data and model biological processes [30,
31]. Developers often use languages such as Python, R, C, and
Java to create workflows to make sense of various biological
data [32]. This enables the discovery of new findings in
bioinformatics research and the development of more precise
treatment strategies in clinical applications [33-35].

According to the LDA analysis conducted in this study, we
found that the questions most frequently asked by developers
working in the field of bioinformatics were 28 separate topics.
According to the findings obtained as a result of the analysis,
we found that the topics were distributed under four broad basic

As illustrai

categories: “Genomic Research and Analysis”, “Sequence and
Alignment  Tools”,  “Computational  Biology  and
Bioinformatics Techniques”, and ‘“Programming and Data
Management”. The topics obtained as a result of the analysis
are presented in Table 6, compared with other studies in the
literature.

As demonstrated in Table 6, the topics of “Gene Expression and
Function”, “Protein Interaction Prediction”, “Gene and Protein
Structure Analysis”, “Sample Analysis in Network Problems”,
and “Genomic Data Management” are found in at least three
more studies. Accordingly, we can say that these five topics are
the most prominent topics in the field of bioinformatics. In
addition, the topics of “Genome Assembly Methods”, “Large
Scale Sequence Alignment Analysis”, “Sequence Alignment
Tools”, “Feature Selection and Plotting”, and “Synthetic Data
and Algorithms” are found in at least two studies.



Table 6. Comparison of the findings of this study with the literature

Topic Name

[15] [21] [22] [36]

Genome Assembly Methods

X X

Human Metagenomic Analysis

X

Bacterial Genome Value Analysis

X X

Public Genomic Databases

Identifying Genotype Variants

Gene Expression and Function

XXX

Gene Set Enrichment Analysis (GSEA) Test and Analysis

Genetic Residue Analysis

Extracting and Analyzing Single Cell Samples

Peptide Sequences Coverage Analysis

Large Scale Sequence Alignment Analysis

Sequence Alignment Tools

XX |[X[X

Amino Acid Matrix Analysis

Different Base Combinations

File Format Conversion

Mapping and Removing Patterns

Protein Interaction Prediction

String Database and Genomic Locus

Feature Selection and Plotting

Gene and Protein Structure Analysis

Analysis of High-Performance Data

Sample Analysis in Network Problems

Synthetic Data and Algorithms

Script Mapping

Genomic Data Management

Generating Mutation Formats

Determining Changes in Thresholds

Error Handling in Data Models

Samples”, “Peptide Sequences Coverage A
of High-Performance Data”, and

Formats” were only mentioned in o
studies, we saw that the topics of
“Amino Acid Matrix A

1n Thresholds”, and
only included in our

¥encountered in recent years. In

addition, dies and topics, we also revealed the

areas in /code developers in the field of
bioinformatic hnical difficulties.
In this study, obtained important findings about seven

communities found according to the community analysis with
the Louvain algorithm and their time-dependent trends (Table
4, Figure 5, and Figure 6). Accordingly, we found that the 2nd
and 4th communities depicted the main focus of developers in
the field of bioinformatics. Accordingly, we found that the most
popular tags within the scope of the 4th community were
“proteins”, “transcriptome”, “rna-seq”, and “microarray”. In
similar studies in the literature, we also found that these words
define the areas researched for bioinformatics [15, 21, 22, 36].
The fact that these topics are prominent both in scientific
research and in the questions asked by developers shows the
importance of these topics in the field of bioinformatics, but
also indicates that there are still unsolved problems in these
areas.

used in the bioinformatics field on the Stack Overflow platform,
we found that the first five prominent words were “Python”,
“R”, “phylogenetics”, “rna-seq”, and “sequence-alignment”.
We also encountered the Python language in the words related
to the “Feature Selection and Plotting” topic. These findings
show us that the programming languages used by code
developers in the bioinformatics field are Python and R in order
of priority. These programming languages are frequently used
platforms by developers due to both their practical use and their
bioinformatics-specific libraries [32]. On the other hand, we
also found that the prominent operating system for
bioinformatics developers is “linux” (Table 5). We also saw
that questions were asked about the file format for biological
data. Among these, we found that the most prominent file
formats are “fasta”, “sam”, “bed”, “gtf”, “vcf”, “fastq”, and
“pdb”. It has been observed that questions about reading and
processing these file formats in the programming language used
by the developers have come to the fore. Programming
languages, operating systems, and file formats show us the
environments that developers use technically.

According to the findings obtained in this study, it was
determined that the topics that code developers in the field of
bioinformatics are most interested in are “next generation
sequencing”, “genome”, “gene”, “phylogeny”, “proteins”, and
“sequence”. These topics are also widely researched in
scientific research [15, 37, 38]. In particular, it is seen that
methods such as artificial intelligence and machine learning,
deep learning, and natural language processing are used in
terms of model development in these mentioned topics [39-44].
According to the findings obtained in this study, it was
determined that machine learning-based models were used by
bioinformatics code developers and they asked questions about



the algorithms (Table 5). Therefore, this finding obtained
within the scope of this study is a guiding finding for code
developers who want to conduct scientific research and develop
models in the field of bioinformatics.

6. CONCLUSION

The Stack Overflow platform and similar discussion
platforms are very effective platforms for code
developers to find solutions to their problems. The
analysis of the data collected regarding the posts shared
on these platforms can guide both researchers and
practitioners in solving problems. Within the framework
of the results obtained from the findings of this study, it
can help both researchers who want to conduct scientific
research in the field of bioinformatics and code
developers who are looking for a solution to a
bioinformatics problem to get to know the field of
bioinformatics and develop a perspective on how they
can contribute to the field. With this study, 28 basic
topics and the first 100 most central words in the field of
bioinformatics were identified. These findings can
provide a guide for researchers to identify the problem in
the field of bioinformatics and to focus on which point of
the field they will focus on. Therefore, researchers can
conduct research by prioritizing the most viewed topics
and problems awaiting solutions based on the findings we
obtained as a result of this study.

Practitioners can contribute to the development aﬁ
innovation of the field by creating useful tools_an
applications to solve the dominant problems

jdelines, auxiliary
repared for such
sed by practitioners.

of bioinformatics on the
etween 2017-2024 (March)

Stack Over,

were a DA topic modeling and the
Louvain ¢ nding algorithm. The findings of
our study rev e questions frequently asked by code
developers in thE field of bicinformatics under four main

categories: “Genomic Research and Analysis”,
“Sequence and Alignment Tools”, “Computational
Biology and Bioinformatics Techniques”, and
“Programming and Data Management”. We found that
the most popular topics were “Gene Expression and
Function”, “Protein Interaction Prediction”, “Gene and
Protein Structure Analysis”, “Sample Analysis in
Network Problems”, and “Genomic Data Management”.
We found that the topics “GSEA Test and Analysis”,
“Amino Acid Matrix Analysis”, “Different Base
Combinations”, “File Format Conversion”, ‘“Mapping
and Removing Patterns”, “String Database and Genomic

EE RT3

Locus”, “Script Mapping”, “Determining Changes in
Thresholds”, and “Error Handling in Data Models”
represent the problems and challenges that
bioinformatics developers have encountered in recent
years. Our findings also showed that the development
platforms most used by code developers are “Python”,
“R”, “Perl”, “Bioconductor”, and “Biopython”. We
found that the topics that code developers are most
interested in in the field of bioinformatics are “next
generation sequencing”, “genome”, “gene”,
“phylogeny”, “proteins”, and “sequence”.

In this study, only posts shared on the Stack Overflow
platform were analyzed. Research who want to
conduct a different research on this s
the data on a different platfor
with the methodology usgg i
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