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A B S T R A C T 

A research study on the elderly is an important tool for development, especially to support 

the elderly society as well as the challenges of the COVID- 19 pandemic throughout the 

world. This study aimed to analyze the research topic about the elderly from the Scopus 

data published from 2020 to 2023 (after COVID -19), in total 43,732 articles. This study 

employed the Topic Modeling Techniques with Latent Dirichlet Allocation (LDA) to 

analyze data in this study. The results indicated that the research topics regarding the 

elderly can be classified into six main topics: 1) Risk factors affecting the elderly,  this  

topic has been researched the most, followed by 2) the rate of increase and death in each 

age group of the elderly,  3) Situation of COVID -19 infection among the elderly, 4) 

Diseases in the elderly, 5) Innovation and techniques for caring for the elderly, and 6) 

Experiments in the elderly,  this topic has received slight attention from research in the 

past.  According to the result, the topic model has a correlation value at 0.425, which was 

an appropriate value for grouping research topics and reflected the concept of determining 

the previous research topics regarding the elderly. 

 

1. INTRODUCTION 

The global landscape has been significantly shaped by the 

dual challenges of an aging population and the onset of the 

COVID-19 pandemic, which emerged in December 2019. 

This unprecedented viral outbreak led to a widespread health 

crisis, with millions across continents contracting the virus. 

On March 11, 2020, recognizing the disease's severity and 

expansive reach, the World Health Organization (WHO) 

officially declared the outbreak of the novel coronavirus, 

COVID-19, as a pandemic. This declaration was a call to 

action for nations worldwide, highlighting the urgent need 

for coordinated international efforts to combat the spread of 

the virus, protect vulnerable populations, and address the 

public health ramifications [1]. The aging population 

necessitates tailored innovations in products, policies, and 

health strategies. Jaroenwanit et al. [2] highlighted the 

nutritional benefits of riceberry and its appeal to elderly 

consumers through features like digestive relief, skin 

brightening, and reduced risks of diabetes and hypertension. 

Similarly, Jensantikul and Aimimtham [3] advocated for 

adaptable and comprehensive welfare policies for the 

elderly, addressing local and regional needs. Verma et al. [4] 

emphasized the utility of the Palmer Drought Severity Index 

for mitigating environmental impacts, showcasing the need 

for integrating health, welfare, and environmental strategies 

for aging communities. Additionally, the elderly's 

heightened vulnerability to infectious diseases during 

pandemics due to weaker immune systems and chronic 

conditions underscores the critical importance of 

implementing robust protective measures for this 

demographic. Effective management involves immediate 

actions to safeguard their health and long-term strategies to 

enhance the resilience of healthcare systems catering to the 

elderly. This dual approach requires comprehensive 

planning and resource allocation to ensure the elderly 

receive the necessary support and care during and beyond 

the crisis period, thus highlighting the broader challenge of 

fostering an age-friendly society [5]. 

For these reasons, the important tool that every country 

conducts to drive development is research. The research is 

the key to discovering new knowledge, analyzing or 

experimenting systematically with the equipment or 

methods to find the facts or principles in setting rules, 

theories, or guidelines for practice for the discovery, 

solution, and development [6]. Consequently, the 

development of research on the elderly would play an 

important role and provide a critical view of the present.  
Research on the elderly is gaining increasing importance in 

the context of global aging due to rapid demographic 

changes, resulting in unprecedented challenges such as the 

rise of non-communicable diseases and the increasing 

demand for long-term care. Furthermore, these changes 
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impact income security in old age, challenging the capacity 

of institutions and societies to cope. Consequently, adapting 

public health systems is essential to address these issues [7], 

[8]. 
Research also emphasizes the necessity of reallocating 

resources to address the specific needs of the elderly 

population. The development of policies aligned with the 

requirements of an aging demographic is crucial in the 

context of contemporary population dynamics [9]. 

Furthermore, studies suggest that strengthening public 

health systems to accommodate healthcare for older adults 

can mitigate the burden resulting from these demographic 

shifts [8]. 

The study would lead to knowledge discovery and build 

new knowledge from previous studies. Additionally, these 

could be used for innovation towards the emerging country's 

problems and needs and were a guideline for allocating 

budget to support research efficiently, since several previous 

studies revealed that it seems difficult to access the 

knowledge in the research for further contributions. 

Therefore, to maximize the further studies benefits, it might 

be necessary to use tools to analyze this enormous amount 

of research data. Given the necessity of analyzing the 

aforementioned research documents on the elderly, the 

researcher has identified a widely popular method for 

document analysis. Each method possesses distinct 

advantages suitable for specific analytical characteristics 

and objectives. The method in focus is Latent Dirichlet 

Allocation (LDA): This technique employs probability 

distribution to extract latent topics within documents, 

enabling efficient content categorization [10]. 
Content Analysis: This qualitative analytical approach 

focuses on categorizing themes within documents, such as 

interviews and research articles, to uncover latent content 

[11]. Thematic Analysis: This technique identifies and 

analyzes themes within data, emphasizing flexibility in 

qualitative data analysis [12].Citation Analysis: A 

quantitative method that analyzes citations to measure 

research impact and academic trends [13]. Bibliometric 

Analysis: This analytical approach involves the quantitative 

examination of bibliographic data, such as article count, to 

identify academic trends [14]. Network Analysis: This 

method is employed to study the structure and relationships 

between data elements, such as citation networks in research 

[15]. 
Furthermore, the researcher's literature review on Topic 

Modeling in elderly-related research reveals the application 

and benefits of this technique in analyzing large and 

complex datasets. Latent Dirichlet Allocation (LDA) 

emerges as a preeminent technique for topic modeling in 

documents, particularly in research pertaining to the elderly 

population. Blei et al. [10] propose LDA as an efficient 

method for topic analysis utilizing probability distribution to 

extract latent words and themes within documents, thereby 

enhancing the identification of trends related to the health 

and welfare of older adults. Zhou et al. [16] employed LDA 

to analyze research articles pertaining to elderly healthcare, 

facilitating the identification of principal themes related to 

health issues and care for the elderly in a corpus of 

documents. Liu et al. [17] utilized topic modeling to 

examine policies and approaches in elderly care, aiding in 

the identification of significant themes associated with 

management and policy in geriatric care. Blei and Lafferty 

[18] demonstrate the application of LDA and related topic 

techniques in analyzing documents and data across various 

disciplines, showcasing LDA's capacity to manage complex 

and large-scale datasets. Consequently, Topic Modeling 

using LDA plays a crucial role in analyzing research 

documents pertaining to the elderly, enabling efficient 

organization of data and identification of key topics. This 

facilitates the development and refinement of policies or 

guidelines for elderly care. Moreover, it serves as an 

essential tool in analyzing and identifying primary themes in 

gerontological research, enhancing our understanding of 

significant trends and issues in this field.  

Topic modeling is the feature of unsupervised machine 

learning, which has the ability to examine a set of 

documents, identify words and reveal patterns within the 

documents and group words and figurative expressions for 

description with the nature of a corpus. In brief, a topic 

modeling algorithm has created a collection of phrases and 

words to help readers understand what those relationships 

mean based on topic classification [19], [20]. The topic 

modeling is an innovative text-mining statistics technique 

for revealing hidden semantic structures in a huge 

document. The topic modeling with the Latent Dirichlet 

Allocation (LDA) method is very popular in machine 

learning and NLP [21], including LDA, which has been 

applied in modeling topics in Scientific research, 

Bioinformatics, Social network analysis and software 

engineering [6], [22]. Additionally, the LDA was often used 

in research according to the objective of corpus analysis 

[10], [23]. With these useful contributions for document 

analysis, the analysis would increase the capacity to explore 

hidden topics with flexible and effective methods [24]. To 

reach the research objectives; this study analyzed research 

articles on the elderly to examine research trends on the 

elderly after the COVID-19 pandemic, which was a critical 

period for the elderly group and an interesting period to 

follow research around the world.    

2. MATERIALS AND METHODS 

This research study aimed to analyze the data using topic 

modeling methods by creating a model from research data 

on the elderly in the Scopus database from 2020 to 2023.  

The research methodology was as follows: 

1. Data collection: selected research articles for data 

analysis by searching research articles about the elderly 

from the Scopus database [https://www.scopus.com] from 
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2020 to 2023 (June). Selected only articles that have been 

published in English and downloaded the data on June 5th, 

2023. The search results found about 44,227 articles, and 

then we checked and eliminated duplicate and incomplete 

articles. The final research included about 43,732 articles 

and listed data with a vocabulary size of 76,897 words. The 

data was saved and exported in CSV format for data import 

in the analysis process.  

  2. Data preparation and data cleaning:  As the data is in 

English text format, we used Natural Language Processing 

(NLP) in Python and Text pre-processing by PyCaret, which 

is an open source and reliable tool [25] for removing marks 

and punctuation, removing numbers, and removing 

unnecessary words. This process was conducted as a 

common data-cleaning process to extract keywords that are 

representative of research articles using the bigram 

algorithm to select common organizing and TF-IDF 

algorithm to extract keywords from the abstract [26], [27]. 

This study employed specific parameters within the 

Latent Dirichlet Allocation (LDA) model to ensure optimal 

performance and interpretability. The model identified six 

primary topics (k = 6), a choice guided by achieving the 

highest coherence score of 0.4254, indicating strong 

semantic similarity within each topic. The dataset was split 

into training (70%) and test (30%) sets to enhance model 

robustness. Coherence scores were the main criterion for 

evaluating topic models, ensuring selecting the most 

interpretable model. A bigram analysis was utilized to refine 

further topic identification, which proved more effective 

than unigram or trigram methods in capturing word 

relationships. Interactive visualizations using pyLDAvis 

provided insights into the prominence and interrelationships 

of topics within the corpus. These methodological choices 

contribute to the model’s transparency, reproducibility, and 

overall utility in analyzing research trends on the elderly, 

demonstrating a rigorous approach to topic modeling. 

3. Topic modeling: Topic modeling refers to a tool for 

discovering hidden knowledge structures in documents to 

make decisions using data and gain insights into complex 

topics [10]. To conduct the topic modeling for analysis, the 

data must be divided into a training data set for 70% and a 

test data set for 30 % and classified using a model to predict. 

In addition, we have employed the LDA for descriptive topic 

learning, but it seems to have higher efficiency than 

semantic representation in the corpus [28]. This research 

employs a research process based on the conceptual 

framework of Latent Dirichlet Allocation as proposed by 

Blei [29], as illustrated in Figure 1. 

 

 

Fig. 1. The conceptual framework of Latent Dirichlet 

Allocation (LDA) in topic discovery within articles [29].       

3. RESULTS   

3.1. Text analysis  

The study utilized Latent Dirichlet Allocation (LDA) to 

analyze research abstracts, focusing on data analysis. By 

applying LDA, the research identified six primary topics 

within the abstracts, labeled from Topic 0 to 5. The 

outcomes of the LDA model were quantitatively evaluated, 

and values were assigned to each topic. These values helped 

determine the prominence or dominance of each topic. The 

topic that received the highest value from the model was 

considered the primary topic of the research abstracts. This 

main topic is likely the most prevalent or significant theme 

discussed across the analyzed abstracts. The results, 

including the ranking and values of the topics, were visually 

represented in Table 1, which illustrates the distribution and 

importance of each topic within the dataset. To fully 

comprehend Table 1, it is essential to carefully examine the 

columns presenting detailed information on article titles, 

publication years, research domains, and abstracts. As 

illustrated in the figure, pay particular attention to the 

distribution of topics across various research documents. 

The corresponding topic weights assigned to each document 

provide valuable insights into their relevance to the 

identified themes. This analytical approach facilitates the 

identification of prevalent themes and their relative 

significance within the broader research context, thereby 

contributing to a deeper understanding of the patterns and 

trends underlying the examined body of literature. 

The research document dataset underwent a detailed 

topic distribution analysis to identify underlying patterns 

and trends. This analysis was pivotal in understanding the 

prevalence of various topics within the dataset. The study's 

findings revealed that the topics were unevenly distributed 

across the documents, with Topic 2 emerging as the most 

frequently occurring topic. This was followed by Topics 4, 

5, 3, and 0 in descending order of frequency. In contrast, 

Topic 1 was observed to have the lowest frequency among 

all the topics. The significant variations in topic frequencies 

could be influenced by several factors related to the dataset's 

compilation, such as the specific objectives of the research 
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or the methods used for sample size determination. These 

factors are crucial as they could skew the representation of 

topics within the dataset. Figure 2 graphically represents 

these findings to provide a clearer visualization. This figure 

illustrates the frequency distribution of each topic, offering 

a visual interpretation that complements the textual analysis. 

While the initial results are indicative, the study recognizes 

the need for further data collection. Additional data is crucial 

to validate these findings and ensure that the observed 

distribution is not a result of methodological biases but a true 

reflection of broader research trends. Therefore, these 

insights into the dataset's topic distribution are preliminary 

and require further investigation to be solidified. 

 
Table 1. A vector of topic probability 

Authors Title Year Source Title Cited by Abstract 
Dominant_ 

Topic 

Perc_Dominant_ 

Topic 

Devleesschau

wer B.; 

Willem L.; ... 

The direct 

disease 

burden of 

COVID-19 

in ... 

2023 
BMC Public 

Health 
0 

   Burden disease estimate 

become important ... 
Topic 4 0.85 

Mirzaeian R.; 

Nopour R.; 

Asghari 

Varzaneh Z.; 

... 

Which are 

best for 

successful 

aging 

prediction... 

2023 

BioMedical 

Engineering 

Online 

0 
   Worldwide society currently 

faces epidemiologic ... 
Topic 5 0.51 

Csuka S.I.; 

Dévényi J.; 

Konkoly 

Thege B.; ... 

Relationship 

satisfaction 

and self-

esteem in 

p... 

2023 

BMC 

Women's 

Health 

0 
   Breast cancer patient partner 

support... 
Topic 5 0.78 

Rios S.; 

García-

Gavilán J.F.; 

Babio N.; ... 

Plasma 

metabolite 

profiles 

associated 

with ... 

2023 
Cardiovascula

r Diabetology 
0 

   Healthy lifestyle inversely 

relates to type 2 diabetes... 
Topic 4 0.47 

Maieron A.; 

Duller C.; 

Püspök A.; ... 

SASE, 

Success and 

Adverse 

event Score 

in Endo... 

2023 

BMC 

Gastroenterol

ogy 

0 
   Validate accept grade tool 

preprocedural compli... 
Topic 2 0.39 

Lefas A.; 

Bodagh P.N.; 

Pan J.; Vazir 

A.; ... 

Cardiac 

tamponade 

from 

anticoagulan

t-related ... 

2020 
BMJ Case 

Reports 
0 

   Describe case year-old man 

background severe ... 
Topic 2 0.46 

Chari A.; 

Samur M.K.; 

Martinez-

Lopez J.; 

Cook ... 

Clinical 

features 

associated 

with 

COVID-

19... 

2020 Blood 133 
Primary cause morbidity 

mortality patient ... 
Topic 4 0.57 

Zhuang L.; Ni 

H.; Wang J.; 

Liu X.; Lin 

Y.; Su ... 

Aggregation 

of Vascular 

Risk Factors 

Modulates... 

2020 

Frontiers in 

Aging 

Neuroscience 

13 
Several vascular risk factors 

include hypertens... 
Topic 1 0.5 

Hyon R.; 

Youm Y.; 

Kim J.; Chey 

J.; Kwak S.; ... 

Similarity in 

functional 

brain 

connectivity 

at... 

2020 

Proceedings 

of the 

National 

Academy of 

Science... 

25 
People often intuit similar 

friend evidence... 
Topic 5 0.55 

Short N.J.; 

Rafei H.; 

Daver N.; 

Hwang N.; 

Ning ... 

Prognostic 

impact of 

complete 

remission 

with ... 

2020 
Blood 

Advances 
23 

Relapsed_refractory_acute_

myeloid leukemia... 
Topic 2 0.48 
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Fig. 2. The visualization of topic distribution. 

 

3.2. Topic modeling 

3.2.1. Topic model evaluation 

The evaluation of topic models used a method focused on 

topic coherence. Topic coherence is assessed by measuring 

the semantic similarity among the words that score highly 

within a topic model based on the corpus data referenced 

[30]. This approach is currently regarded as the most 

effective for comparing different topic models regarding 

human interpretability, with additional support from 

references [31] and [32]. In the context of this method, 

Figure 3 presents coherence scores for models that represent 

varying numbers of topics. The optimal model is identified 

as achieving the highest coherence score before any 

subsequent decline in performance, as noted in [33]. The 

results specifically highlighted that the model with topics set 

to six (k = 6) yielded the highest coherence score of 0.4254, 

indicating it as the most suitable model according to the 

study. This suggests that setting the number of topics to six 

leads to the most semantically coherent and interpretable 

results.  

 

 

Fig. 3. Topic number and coherence. 

3.2.2. Topic naming and topic details 

In this process, a bigram analysis method was used to predict 

the most frequent word clusters associated with the 

identified six primary topics. A bigram, which considers 

pairs of consecutive words, was chosen because it provided 

higher performance metrics in capturing the structure of 

word relationships within the data than unigram (single 

word) and trigram (sequences of three words) approaches. 

This analysis revealed the 100 most common word clusters, 

which were systematically categorized into six main topics, 

labeled as Topic 0 through Topic 5. These topics are 

depicted in Figures 4 through 9. To understand the bigrams, 

examine the frequency distribution of bigrams (pairs of 

consecutive words) across the dataset. The taller bars on the 

left represent the most common bigrams, indicating key 

phrases or themes. The less frequent bigrams provide 

insights into less dominant topics as you move right. Each 

topic was assigned a representative name based on the 

dominant thematic elements within the clusters, with these 

names and corresponding explanations presented in Table 2. 

This structured approach enabled a detailed and organized 

presentation of the data, facilitating a clearer understanding 

of the prevalent themes within the bibliometric analysis.  

 

 

Fig. 4. Topic 0 -Top 100 bigrams. 

 

 

Fig. 5. Topic 1 -Top 100 bigrams. 

 

Fig. 6. Topic 2 -Top 100 bigrams. 

 

Fig. 7. Topic 3 -Top 100 bigrams. 

 

Fig. 8. Topic 4 -Top 100 bigrams. 

 

Fig. 9. Topic 5 -Top 100 bigrams. 
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Table 2. Setting a topic name 

Topic 

no. 

Topic name Representative bigrams 

0 

Techniques and 

innovations for 

caring for the 

elderly 

fall detection, material method, rare 

case, case year, old male, result 

show, patient present, elderly 

patient, case report, year old 

1 

Experimental 

study on the 

elderly 

aged mouse, compare control, ad 

patient, control group, study, elderly 

patient, significantly high, function, 

risk factor, age relate, cognitive 

2 

Risk factors 

affecting the 

elderly 

control group, high risk, result total, 

mean age, patient year, significant 

difference, result patient, risk factor, 

age year, elderly patient 

3 
Diseases in the 

elderly 

patient receive, colorectal, cancer, 

result total, prediction, model, total 

patient, age year, high risk, risk 

factor, lung cancer, overall survival 

4 

Increasing / 

death rates, 

causes and risks 

for each age 

group of the 

elderly. 

patient year, associate increase, 

hospital mortality, mortality rate, 

cause mortality, cohort study, 

increase, risk, year old, age year, 

risk factor 

5 

COVID -19 

infection 

among the 

elderly 

control group, elderly patient, social 

support, risk factor, mean age, 

COVID pandemic, age year, elderly 

people, aged year, old adult 

 

3.2.3. Topic visualization 

The interactive visual diagrams were considered a highly 

effective way to present topic model results. In this study, 

the pyLDAVis [34] was adapted to create an interactive 

diagram to illustrate the topics and the representative words. 

Each circle in the diagram indicated how related the topic is 

in the corpus, and topics that were close together would 

represent the similarity. The pyLDAvis visualization 

allowed users to adjust the relevance of words in a topic 

through the program slider [34], [35]. Therefore, the 

pyLDAVis package was considered one of the creative and 

powerful ways to visualize and interpret topic models to help 

the researchers gain insight into the structure and content. 

This tool presented a clear and easy-to-use picture of the 

relationships and strengths of each topic, which illustrated 

the words in each topic with a circle and horizontal bar chart. 

The left -circle contains a panel for showing an overall view 

of the user model-friendly use and easily understanding the 

relationships in the presentation. The horizontal bar chart 

shows the words in each topic for detail and understanding 

of the topic and allows the user to receive a quick view of 

summary topics through the most important keywords, 

which can be categorized into six topics, as in Table 2.  

In Figure 10, we illustrate the methodology used for 

naming and detailing topics in our study. Specifically, we 

utilized a bigram approach, which involves the use of two 

consecutive words, to predict and identify the most common 

word clusters within each topic. This bigram method proved 

to be more effective than both the unigram (single word) and 

trigram (three consecutive words) approaches, particularly 

because it captured overlapping structural relationships 

more efficiently in our bibliometric analysis. As a result of 

this methodology, we were able to distinguish the 100 most 

prevalent word clusters, which were organized into six 

primary topics, labeled from Topic 0 to Topic 5. Each of 

these topics was further explored and detailed in Figures 4 

through 9. Additionally, we assigned representative names 

to these topics based on their predominant thematic 

elements, which are listed and detailed in Table 1. This 

structured approach allowed for a clear and organized 

presentation of the data, facilitating a better understanding 

of the key themes and patterns that emerged from our 

analysis.  

 

 

Fig. 10. The Interactive visualization of LDA model. 

 

This section discusses the application of the t-distributed 

Stochastic Neighbor Embedding (t-SNE) technique for 

visualizing document classifications in research. The t-SNE 

method is utilized here to represent each category of topics 

as a probability distribution. This approach is particularly 

effective for handling and representing data in a high-

dimensional space. By transforming these high-dimensional 

vectors into three-dimensional projections, t-SNE facilitates 

a visual inspection of how similar documents cluster 

together based on their content. The relevance of the topics 

and categories to contemporary research is underscored by 

the keywords linked with each topic, suggesting that these 

categories align well with prevalent research interests. Using 

t-SNE for 3D projections allows researchers to visually 

explore and analyze the relationships and distances between 

these categories. Such visualizations help understand how 

different documents are related or grouped, enhancing the 

clarity and insights into the dataset. Figure 11, presumably 

in a related publication or report, showcases these clusters, 
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providing a graphical representation of the similarity 

between multidimensional document vectors. This visual 

aid is crucial for researchers to grasp complex relationships 

and patterns in document classification intuitively. 

 

 

Fig. 11. The visualization of the t-SNE. 

4. DISCUSSION  

The data analysis of the elderly studies through abstracts 

with the PyCaret library in Python was used to create topic 

models and evaluate the performance of the model, which 

represents a set of words relevant to research related to the 

study. Employing the LDA technique on extant research 

documents pertaining to the elderly population, this study 

aims to elucidate the current body of knowledge and identify 

critical areas for future gerontological research. 

Furthermore, the findings of this research may prove 

beneficial in informing the development of significant 

research frameworks, thus promoting and supporting the 

advancement of national research initiatives in the field of 

gerontology for relevant institutions. 
Text mining was considered a quantitative method that 

uses statistical methods to analyze published works, which 

related to big data analysis and was widely popular [36], 

[37]. Apart from this, the text analysis was one of the 

important tools used for the topic modeling to helps 

researchers identify hidden patterns and relationships 

between texts [38]. A topic model commonly used to 

analyze research documents with the Latent Dirichlet 

allocation (LDA) technique [10], [29], [39]. As such, this 

study aimed to explore the trends in research on the elderly 

after the COVID-19 pandemic, which is a critical period for 

the elderly group and an interesting period to follow the 

research on the elderly around the world by analyzing 

research topic models from Scopus from 2020 – 2023. 

Therefore, a total of 43,732 issues were analyzed through 

the topic modeling based on the Latent Dirichlet Allocation 

(LDA) technique. The results indicated that the six main 

topics were identified and able to be applied in the 

development of research on the elderly studies, particularly 

these topics: a) Risk factors affecting the elderly as the most 

research studies, followed by b) Increase/Death rate causes 

and risks for the elderly, c) Situation regarding COVID-19 

infection in the elderly, d) Diseases in the elderly, and f) 

techniques and g) Innovations in caring for the elderly : This 

study employed Latent Dirichlet Allocation (LDA) to 

analyze topic distribution in research documents pertaining 

to the elderly population. The analysis revealed that Topic 2 

exhibited the highest frequency, followed by Topics 4, 5, 3, 

and 0 .  These findings demonstrate the efficacy of LDA in 

categorizing topics within large-scale document corpora, 

corroborating the results of Blei et al. [10].  Similarly, the 

study by Griffiths and Steyvers [40] affirmed the 

effectiveness of the LDA technique in topic clustering 

within extensive document sets. Furthermore, the research 

of Saeed and Fatemeh [30] substantiated LDA's capacity to 

efficiently uncover latent trends in big data. 

The topic coherence analysis in this study indicated that 

setting the number of topics to six (k = 6) yielded optimal 

results, achieving the highest coherence score of 0.4254. 

This finding aligns with the studies of Ray, Ahmad, and 

Kumar [31], and Qiao and Williams [32], which confirmed 

the reliability of LDA's topic coherence analysis 

methodology. 

Furthermore, this study demonstrates that LDA is an 

invaluable research tool for tracking trends in gerontological 

research. It differs from previous research methodologies 

that may not have comprehensively addressed or deeply 

explored rapidly changing trends and emerging societal 

needs in the post-pandemic era [41], [10]. While traditional 

research often employed qualitative or conventional 

statistical analysis methods, LDA offers a more quantitative 

and efficient approach to identifying and uncovering latent 

"topics" within extensive research documents. This method 

enables research to more clearly identify risk factors and 

challenges associated with the elderly population, such as 

mortality causes, COVID-19 infection scenarios, and 

innovations in elderly care. These results can be applied to 

develop crucial policies and research frameworks for 

relevant institutions [10], [40]. Thus, LDA not only 

strengthens research but also serves as a tool that leads to the 

development of efficient research frameworks that 

concretely align with national development needs in the 

field of gerontological research [41]. Nonetheless, this study 

also has some limitations with the data analysis from the 

research abstract. As a result, it may be difficult to identify 

urgent issues in the context of each country. Future studies 

should explore research in various fields more clearly in 

order to get in-depth and comprehensive results in the 

context of development. In addition, the further benefit from 

this study might be used for other information sources apart 

from Scopus for all-inclusive results.  
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5. CONCLUSIONS 

The analysis using the PyCaret library in Python to create 

topic models from research abstracts on the elderly has 

provided significant insights into the current state and 

direction of research within this demographic group. The 

study utilized the Latent Dirichlet Allocation (LDA) 

technique to identify six main research topics from a 

substantial corpus of 43,732 documents indexed in Scopus 

from 2020 to 2023. These topics, which include risk factors 

affecting the elderly, mortality rates, COVID-19 impacts, 

prevalent diseases, and innovations in elderly care, reflect 

the breadth of issues currently being explored in the field. 

The results underscore the critical need for focused 

research on the elderly, especially in the context of the post-

COVID-19 era, which has been particularly challenging for 

this group. However, the study also acknowledges certain 

limitations, primarily the restrictive scope of data derived 

solely from abstracts, which may not capture the urgent, 

country-specific issues affecting the elderly. This limitation 

suggests a need for future research to encompass a broader 

range of data sources and to dive deeper into localized 

contexts to enhance the comprehensiveness and 

applicability of the findings. 

In conclusion, this study not only highlights the primary 

areas of current research on the elderly but also sets the stage 

for future investigations that could provide more detailed 

insights into the needs and challenges faced by the elderly 

population. By expanding the sources of information and 

increasing the granularity of the data analyzed, subsequent 

studies could greatly enhance our understanding and ability 

to effectively support the aging population, aligning with 

national development goals. This study emphasizes the need 

for increased promotion of gerontological research to 

comprehensively address the development and 

accommodation of an aging society in all aspects. 

The findings of this study should serve as a guideline for 

establishing national research policy frameworks, focusing 

on research topics in the following order. Topic 2: Risk 

factors affecting the elderly (control group, high risk, result 

total, mean age, patient year, significant difference, result 

patient, risk factor, age year, elderly patient), Topics 4: 

Increasing / death rates, causes and risks for each age group 

of the elderly. (patient year, associate increase, hospital 

mortality, mortality rate, cause mortality, cohort study, 

increase, risk, year old, age year, risk factor), Topic 5: 

COVID -19 infection among the elderly (control group, 

elderly patient, social support, risk factor, mean age, COVID 

pandemic, age year, elderly people, aged year, old adult), 

Topic 3: Diseases in the elderly (patient receive, colorectal, 

cancer, result total, prediction, model, total patient, age year, 

high risk, risk factor, lung cancer, overall survival), Topic 0: 

Techniques and innovations for caring for the elderly (fall 

detection, material method, rare case, case year, old male, 

result show, patient present, elderly patient, case report, year 

old), and Topic 1: Experimental study on the elderly (aged 

mouse, compare control, ad patient, control group, study, 

elderly patient, significantly high, function, risk factor, age 

relate, cognitive). Furthermore, the findings of this study can 

be utilized to identify urgent research topics and areas of 

research deficiency crucial for national development in 

preparation for an aging society. When research 

comprehensively covers all relevant issues, it provides 

accurate and precise tools for national development, leading 

to efficient progress, economic stability, and improved well-

being of the population. 
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