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Abstract 

In the context of rising global prevalence, type 2 diabetes (T2D) presents significant challenges for 

public health due to its strong association with modifiable health behaviors. This systematic review 

explored how researchers have studied behavioral domains such as diet, physical activity, 

medication adherence, and blood glucose monitoring among individuals living with T2D. A total of 

30 peer-reviewed studies and 10 comparative studies published between 2003 and 2025 were 

analyzed. The review identified four dominant methodological categories: quantitative, qualitative, 

mixed-methods, and technology-assisted designs. Quantitative methods were most frequently used, 

offering measurable outcomes, though many relied on self-reported data. Qualitative studies 

provided rich contextual understanding of psychosocial and cultural factors but had limited 

scalability. Mixed-methods approaches integrated statistical and narrative depth but posed 

challenges in execution. Technology-assisted methods including mobile apps and wearable devices 

enabled real-time monitoring and behavior tracking, improving objectivity while raising concerns 

about privacy. Physical activity and dietary behaviors were the most frequently assessed domains, 

followed by medication adherence and glucose monitoring. Despite the variety of approaches, most 

studies used cross-sectional designs and lacked culturally adapted tools. This review highlights the 

need for more longitudinal, equity-driven methodologies that align with the behavioral needs of 

diverse populations managing T2D. 

Keywords: Type-2 Diabetes; T2DM; health behaviors; research methodology; quantitative; 

qualitative; mixed-method; technology-assisted; behavior-tracking 

 

1. Introduction 

Background of Type 2 Diabetes Mellitus (T2DM)  

T2DM is one of the most significant public health challenges worldwide, characterized by 

chronic hyperglycemia resulting from insulin resistance and relative insulin deficiency [1]. T2DM 

accounts for over 90 percent of all diabetes cases and is closely associated with increasing rates of 

obesity, physical inactivity, and nutritional transitions in both high- and low-resource settings [2]. 

Effective management of T2DM requires sustained engagement in health-related behaviors, 

including adherence to a balanced diet, regular physical activity, proper medication use, and self-

monitoring of blood glucose levels [3]. 

Inadequate adherence to these behaviors substantially increases the risk of long-term 

microvascular and macrovascular complications, reduces quality of life, and contributes to the 

growing economic burden of diabetes-related care [4]. Despite the well-established role of lifestyle 

interventions, the research methodologies used to study T2DM-related behaviors remain diverse and 

often inconsistent. Current approaches include quantitative surveys, qualitative interviews, and 

emerging digital health technologies, each offering distinct advantages and limitations [5]. 
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As T2DM is studied in myriad populations, cultural contexts, and healthcare environments, 

selecting appropriate methodological approaches is critical for accurately capturing behavior change 

and adherence patterns in individuals with T2DM. The current review addresses this issue by 

systematically examining and comparing the methodologies used in behavioral research related to 

T2DM. 

Four core behaviors are examined for their significance in diabetes management: dietary 

practices, physical activity, medication adherence, and self-monitoring of blood glucose (SMBG), 

each selected for its clinical relevance and frequent discussion in the literature. The objective of this 

systematic review is to critically evaluate and compare the methodologies used to study health-

related behaviors among individuals with T2DM. The analysis considers quantitative, qualitative, 

mixed-methods, and technology-assisted research designs, assessing their effectiveness in generating 

accurate, reliable, and context-specific insights. The results of this review can guide researchers, 

clinicians, and policymakers in selecting study designs that align with behavioral targets, research 

objectives, population characteristics, and resource constraints. Instead of favoring a universal 

approach, the analysis highlights the importance of selecting methodologies that align with the 

specific goals, settings, and populations of each study. Further, this review also identifies existing 

gaps and offers recommendations to enhance the quality and impact of future work in the field of 

T2DM. 

2. Methodology 

2.1. Search Strategy 

This systematic review was conducted in accordance with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines [6] (see Supplemental Table 1). 

The review focused on peer-reviewed articles published between 2003 to 2025. The year 2014 was 

chosen as a starting point due to the rapid expansion of digital health technologies such as mobile 

apps, wearable devices, and telehealth, which significantly influenced research on behavioral health 

and chronic disease management [7]. 

The search targeted studies involving adult populations aged 18 and older diagnosed with 

T2DM. Studies were excluded if they were not peer-reviewed, not published in English, focused 

exclusively on clinical or pharmacological interventions without any behavioral focus, or included 

only pediatric populations. While this approach helped narrow the scope of the review, it may 

introduce bias by prioritizing certain methodological strategies over others. 

Studies were selected if they focused on one or more key health behaviors associated with T2DM 

management, including diet, physical activity, medication adherence, or self-monitoring of blood 

glucose (SMBG). Articles were eligible if they employed quantitative, qualitative, mixed-methods, or 

technology-assisted research designs. 

Studies were excluded if they (a) focused exclusively on clinical, biomedical interventions 

without assessing behavioral components, (b) were not published in English, (c) targeted pediatric 

or adolescent populations (under age 18), or (d) were review papers, conference abstracts, or 

protocols without empirical data. The screening process involved a two-stage approach: (1) title and 

abstract screening to eliminate clearly ineligible studies, and (2) full-text review for those meeting 

initial criteria. The initial database search yielded 120 records. After removing 38 duplicates, 82 titles 

and abstracts were screened. Forty were excluded based on relevance, leaving 42 articles for full-text 

review. Of these, 30 met all inclusion criteria and were included. An additional 12 papers were added 

for comparative methodological analysis involving recent digital and mobile health tools. 

2.2. Inclusion and Exclusion Criteria of the Study 

The inclusion and exclusion criteria used to screen and select studies for this review are detailed 

in the methodology section (see Methods and Figure 1 for flow diagram).  
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Figure 1. PRISMA flow diagram (2020) for reporting systematic review and meta-analysis. Adapted from [6]. 

2.3. Conceptual Framework and Data Synthesis 

To guide the evaluation of methodological quality across the included studies, this review 

applied a conceptual framework based on three parameters: accuracy, sensitivity, and specificity. 

These indicators were selected to assess how effectively each methodological approach captured 

behavioral patterns related to diet, physical activity, medication adherence, and self-monitoring of 

blood glucose (SMBG) in individuals with T2DM. 

Key data extracted from the studies included methodological design (quantitative, qualitative, 

mixed-methods, or technology-assisted), participant characteristics, study setting, targeted health 

behaviors, and the measurement instruments used. A key component of the analysis involved 

determining whether data collection relied on self-reports or objective instruments such as 

biomarkers or wearable tech. The information was then categorized by methodology type, allowing 

for cross-comparisons. This synthesis highlighted the relative performance of each design in terms of 

the three framework parameters and provided insights into their practical utility for capturing real-

world behavioral patterns. Rather than applying formal quality scores, the review emphasized 

contextual evaluation to better understand the strengths and limitations of each methodological 

approach. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2025 doi:10.20944/preprints202509.1212.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1212.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 19 

 

 

Figure 2. Conceptual Framework for Methodology Selection in T2DM Behavioral Research. 

A standardized quality appraisal tool such as the Joanna Briggs Institute (JBI) checklist was not 

used in this review. While tools like JBI are widely accepted for evaluating the internal validity of 

individual studies, the primary aim of this review was to compare the broader methodological 

characteristics and trends across a diverse set of study designs. Because the included studies varied 

substantially in their design, scope, and data collection strategies, a conceptual framework allowed 

for more appropriate cross-method analysis. This approach is consistent with guidance for narrative 

and methodological reviews where the emphasis is on evaluating design performance rather than 

scoring study-level rigor [8].  

In this context, accuracy refers to how closely the findings reflect actual behaviors. Studies that 

used objective tools such as biomarkers, wearable devices, or continuous glucose monitoring, 

including those [9,10], were conceptually associated with higher accuracy than those that relied on 

self-reported measures. Sensitivity refers to the ability of a method to detect meaningful behavioral 

changes across different populations. Cohort studies and large-scale meta-analyses[11,12] exemplify 

designs expected to demonstrate high sensitivity in identifying behavioral trends. Specificity refers 

to the ability of a method to correctly identify individuals not exhibiting the target behavior, thereby 

reducing false positives and improving the precision of behavioral measurement. Each study was 

reviewed using these parameters to support cross-method comparison.  

To support cross-methodological comparison, reported or estimated values of accuracy, 

sensitivity, and specificity were synthesized for each study. In cases where original studies provided 

psychometric data or statistical indicators of measurement precision, those reported values were 

used directly. For studies that did not explicitly report these metrics, approximate values were 

derived based on methodological characteristics, such as the use of objective tools (e.g., biomarkers, 

wearable devices), type of study design (e.g., cohort vs. cross-sectional), and data collection method 

(e.g., self-report vs. clinical assessment). This mixed approach ensured consistency in evaluating 

methodological quality while acknowledging variation in reporting practices across studies. As such, 

the resulting values offer both empirical and contextually inferred insights and should be interpreted 

accordingly. 

3. Results 

3.1. Quantitative Approaches 

Quantitative methodologies were employed in 77% of the reviewed studies (n = 23), confirming 

their dominance in research on T2DM related health behaviors. The most frequently used designs 

were cohort studies (52%), followed by cross-sectional studies (30%) and randomized controlled trials 

(18%). These studies utilized a range of instruments, including structured questionnaires (e.g., 

SDSCA, MMAS-8), clinical screenings, and objective biomarkers such as HbA1c, BMI, and serum uric 
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acid levels. The most assessed behavioral domains included dietary behaviors (56%), physical activity 

(48%), and medication adherence (43%), as summarized in Table 1. 

Large-scale cohort studies, such as those conducted by [13–15] enrolled over 10,000 participants, 

providing strong statistical power to identify associations between lifestyle behaviors and diabetes 

outcomes. However, approximately 65% of the quantitative studies relied on self-reported data, 

introducing potential for recall bias and social desirability effects. While quantitative methods allow 

for generalizability across diverse populations, their structured design can limit deeper exploration 

of psychosocial or contextual influences on behavior. 

According to Table 4, the aggregated accuracy, sensitivity, and specificity of quantitative 

approaches were 85%, 88%, and 83%, respectively. These metrics reflect the methodological strength 

of quantitative studies in large-scale behavioral assessments, although they may not fully capture the 

complexity of individual experiences. 

Table 1. Summary of Included Studies on Methodological Approaches in Type-2 Diabetes Behavioral 

Research. 

Studies/ 

Year 

Study 

Design 
Sample Size Method Used Key Findings Country 

[16]  

(2003) 

Prospective 

cohort study 
70,000 women 

Self-reported 

sleep duration 

& medical 

records 

Shorter sleep 

duration was 

associated with 

higher risk of type 

2 diabetes. 

USA 

[17]  

(2004)  
Cohort study 

2,500 middle-

aged men 

Clinical 

assessments & 

health surveys 

Higher BMI and 

sedentary lifestyle 

were major 

predictors of 

diabetes onset. 

Sweden 

[13]  

(2005) 
Cohort study 5,600 men 

Longitudinal 

health 

monitoring 

Sleep apnea and 

poor sleep quality 

significantly 

increased diabetes 

risk. 

Sweden 

[9]  

(2006) 
Cohort study 

3,000 

individuals 

with impaired 

glucose 

tolerance 

Blood serum 

analysis & 

metabolic 

tracking 

Elevated serum 

uric acid levels 

predicted future 

diabetes risk. 

Finland 

[14]  

(2008) 
Cohort study 4,500 adults 

Blood uric acid 

tests & clinical 

records 

Plasma uric acid 

levels were 

significantly 

associated with 

type 2 diabetes 

incidence. 

Taiwan 

[15]  

(2008) 

Longitudinal 

study 

8,000 

individuals 

Serum uric acid 

measurement & 

diabetes 

diagnosis 

tracking 

Higher serum uric 

acid levels 

correlated with 

diabetes 

development. 

China 

[18]  

(2009) 

Prospective 

cohort study 

2,800 Japanese 

adults 

Blood tests & 

glucose 

monitoring 

Serum uric acid as 

a strong predictor 

for type 2 diabetes 

onset. 

Japan 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2025 doi:10.20944/preprints202509.1212.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1212.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 19 

 

[19] 

(2009) 
Cohort study 10,000 adults 

Sleep duration 

tracking & 

diabetes 

incidence 

records 

Shorter sleep 

duration increased 

diabetes risk, 

particularly in 

women. 

USA 

[20] 

(2011) 

Randomized 

Controlled 

Trial (RCT) 

200 adults 

Telehealth-

based glucose 

& BP 

monitoring 

with nurse case 

management 

Technology-

assisted case 

management 

significantly 

improved glycemic 

control but had no 

effect on quality of 

life 

USA 

[21] 

(2011) 

Cross-

sectional 

study 

1,500 

individuals 

Uric acid 

measurements 

& self-reported 

lifestyle data 

High serum uric 

acid levels were 

associated with 

poor metabolic 

outcomes. 

India 

[22] 

(2012) 
Cohort study 

15,000 

European 

adults 

Self-reported 

sleep duration 

& clinical 

health tracking 

Chronic diseases 

were significantly 

linked with 

inadequate sleep. 

Europe 

(Multi-

Country) 

[23] 

(2013) 

Mixed-

methods 

study 

1,200 Black 

and White 

adults 

Surveys & 

clinical 

assessments 

Sleep disparities 

were evident 

between racial 

groups, affecting 

diabetes risk. 

USA 

[24]  

(2015) 
Cohort study 

6,500 

individuals 

Longitudinal 

renal function 

tests 

Chronic kidney 

disease 

development was 

linked to diabetes 

risk factors. 

China 

[25]  

(2016) 

Randomized 

Controlled 

Trial (RCT) 

54 low-income 

seniors 

Assisted Self-

Management 

Monitor 

(ASMM) for 

real-time SMBG 

tracking 

Technology-

assisted SMBG 

significantly 

improved glycemic 

control but had no 

impact on diet or 

medication 

adherence 

 

USA 

[26]  

(2016) 

Randomized 

Controlled 

Trial (RCT) 

54 adults with 

prediabetes 

EMR-based 

goal setting to 

improve 

physical 

activity 

Technology-

assisted goal 

setting increased 

daily step count 

but had no 

significant effect 

on weight loss or 

HbA1c 

USA 

[11]  

(2016) 

Meta-

analysis 

270,269 

individuals 

Genetic risk 

scores & 

statistical 

modeling 

LDL cholesterol-

lowering genetic 

variants were 

associated with 

UK 
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increased diabetes 

risk. 

[27]  

(2016) 

Systematic 

review & 

meta-

analysis 

61,714 

participants 

from 16 

studies 

Data 

aggregation & 

statistical 

analysis 

Elevated serum 

uric acid was 

consistently linked 

to type 2 diabetes 

incidence. 

International 

[28]  

(2016) 

Cross-

sectional 

survey 

319 college 

students 

Structured 

questionnaire & 

logistic 

regression 

Gender differences 

in diabetes risk 

perception and 

preventive 

behaviors. 

USA 

[12]  

(2020) 

Prospective 

cohort study 

867 newly 

diagnosed 

diabetes 

patients 

Weight 

tracking & 

lifestyle 

assessments 

Early weight loss 

increased diabetes 

remission 

likelihood. 

UK 

[29]  

(2020) 

Cross-

sectional 

study 

353 Saudi 

adults 

Clinical 

screenings & 

health surveys 

High diabetes 

prevalence was 

linked to obesity 

and sedentary 

lifestyle. 

Saudi 

Arabia 

[30]  

(2020) 

Longitudinal 

cohort study 

148 patients 

with diabetes 

& 

hypertension 

Self-reported 

behaviors & 

clinical 

monitoring 

Self-efficacy 

played a key role 

in adherence to 

diabetes self-

management. 

China 

[31]  

(2021) 

Randomized 

Controlled 

Trial (RCT) 

20,834 adults 

with type 2 

diabetes 

Technology-

assisted 

integrated 

diabetes care 

(JADE 

Program) 

Digital health 

interventions 

improved glycemic 

control and 

metabolic 

outcomes, 

particularly in low-

income settings, 

but had no impact 

on major clinical 

events 

Asia-Pacific 

[32]  

(2021) 

Qualitative 

study 

21 diabetes 

patients 

Design probe 

methodology & 

self-

documentation 

Social and 

environmental 

factors 

significantly 

influenced dietary 

behaviors. 

Ireland 

[33]  

(2022) 

Cross-

sectional 

study 

345 college 

students 

Diabetes 

knowledge 

tests & lifestyle 

surveys 

Health fatalism 

influenced dietary 

behaviors, 

regardless of 

diabetes 

knowledge. 

USA 

[34]  

(2023) 

Retrospective 

cohort study 

15,104 UK 

Biobank 

participants 

Biomarker 

analysis & 

epidemiological 

tracking 

Adherence to 

multiple healthy 

lifestyle behaviors 

significantly 

UK 
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reduces 

microvascular 

complications. 

[35]  

(2024) 

Qualitative 

study 

26 British 

Pakistanis 

Semi-

structured 

interviews & 

thematic 

analysis 

Intergenerational 

dietary differences 

influenced diabetes 

self-management. 

UK 

[36]  

(2024) 

Prospective 

cohort study 

2,011 

cardiovascular 

patients 

Lifestyle 

tracking & 

mortality 

analysis 

Long-term healthy 

lifestyle adherence 

reduces diabetes 

and mortality risk. 

Netherlands 

[37]  

(2025) 

Mixed-

methods 

study 

125 high-risk 

adults 

Risk perception 

analysis & 

behavioral 

surveys 

Perceived diabetes 

risk was not 

strongly associated 

with actual 

preventive 

behaviors. 

USA 

[38]  

(2025) 

Cross-

sectional 

survey 

710 university 

students & 

staff 

Self-reported 

diabetes 

awareness & 

risk factor 

assessment 

Students had lower 

diabetes awareness 

and higher 

physical inactivity 

rates than staff. 

India 

[10]  

(2025) 

Prospective 

cohort study 

3,996 older 

adults 

Epigenetic 

analysis & 

biomarker 

tracking 

Poly-epigenetic 

scores (PEGS) were 

strongly linked to 

cardiometabolic 

risk, influenced by 

smoking and 

demographic 

factors. 

USA 

3.2. Qualtitative Approaches 

Qualitative methods were applied in approximately 6% of the reviewed studies (n = 2). These 

studies explored cultural and interpersonal factors influencing self-management behaviors among 

individuals with T2DM. For instance, [17] used a design probe methodology and self-documentation 

to examine how social and environmental contexts shaped dietary behaviors in Ireland. [35] 

conducted semi-structured interviews with British Pakistani participants, identifying how 

intergenerational dietary norms impacted diabetes self-management. Both studies employed 

thematic analysis and purposive sampling techniques, offering rich, in-depth insights into behavioral 

drivers that are often overlooked in quantitative designs. Although the findings provided valuable 

cultural and contextual understanding, they were limited in terms of scalability and broader 

generalizability. Nevertheless, these qualitative approaches helped uncover nuanced factors 

influencing diabetes-related health behaviors that cannot be easily captured through statistical 

models alone [39]. 

3.3. Mixed-Methods Approaches 

Mixed-methods designs were applied in approximately 6% of the reviewed studies (n=2), 

combining the strengths of both quantitative and qualitative methodologies. These approaches 

enabled researchers to collect numerical data while simultaneously exploring contextual or 

psychosocial dimensions that influence health behaviors. For instance, [23] employed a combination 

of surveys and clinical assessments to investigate racial disparities in sleep and diabetes risk, while 
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[37] integrated behavioral surveys with risk perception analysis to assess the gap between perceived 

and actual preventive behaviors. Such integration provided a more holistic understanding of factors 

affecting diabetes-related outcomes. While mixed-methods research enhances interpretive depth and 

methodological triangulation, it also requires greater resources, time, and analytic expertise, making 

it among the most complex and costly study designs to implement.  

Table 2. Methodological Approaches in Studying Type 2 Diabetes-Related Health Behaviors: Strengths and 

Limitations. 

Studies/ 

Year 
Methodology 

Related Health 

Behavior Studies 
Advantages Limitations 

[16]  

(2003) 

Quantitative 

(Cohort Study) 

Association between 

sleep duration and 

diabetes risk 

Large sample size, 

longitudinal follow-up 

Self-reported sleep 

duration introduces 

recall bias 

[17]  

(2004)  

Quantitative 

(Cohort Study) 

Impact of BMI and 

sedentary lifestyle on 

diabetes 

Objective clinical 

assessments 

Study focuses mainly on 

men, limiting 

generalizability 

[13]  

(2005) 

Quantitative 

(Cohort Study) 

Relationship between 

sleep apnea and 

diabetes risk 

Longitudinal tracking 

for disease 

progression 

No behavioral or 

psychological 

assessment included 

[9]  

(2006) 

Quantitative 

(Cohort Study) 

Serum uric acid as a 

biomarker for diabetes 

risk 

Biomarker analysis for 

objective assessment 

Does not account for 

lifestyle factors such as 

diet and exercise 

[14]  

(2008) 

Quantitative 

(Cohort Study) 

Uric acid and diabetes 

risk in Taiwan 

Large epidemiological 

dataset 

Does not explore 

behavioral contributors 

[15]  

(2008) 

Quantitative 

(Cohort Study) 

Serum uric acid and 

diabetes risk 

Large-scale cohort 

allows robust 

statistical analysis 

Limited ethnic diversity 

[18]  

(2009) 

Quantitative 

(Cohort Study) 

Relationship between 

serum uric acid and 

T2DM 

Longitudinal tracking 

of metabolic markers 

Focuses on specific 

Asian populations 

[19] 

(2009) 

Quantitative 

(Cohort Study) 

Sleep duration as a risk 

factor for diabetes 

Clear statistical 

associations 

Self-reported sleep data 

introduces bias 

[20] 

(2011) 
Quantitative (RCT) 

Technology-assisted 

case management in 

low-income diabetes 

patients 

Improved glycemic 

control in underserved 

populations 

No significant impact on 

quality of life 

[21] 

(2011) 

Quantitative 

(Cross-Sectional 

Study) 

Serum uric acid and 

diabetes in Indian 

populations 

Clinical insights into 

metabolic biomarkers 

No causal relationship 

can be determined 

[22] 

(2012) 

Quantitative 

(Cohort Study) 

Association of sleep 

duration with chronic 

diseases 

Large European 

cohort 

Lack of detailed 

behavioral intervention 

[23] 

(2013) 
Mixed-Methods 

Racial disparities in 

sleep and diabetes risk 

Combines survey and 

clinical data 

Requires more resources 

and time 

[24]  

(2015) 

Quantitative 

(Cohort Study) 

Chronic kidney disease 

risk in diabetes 

Large sample size 

improves reliability 

Limited behavioral 

insights 

[25]  

(2016) 
Quantitative (RCT) 

Technology-assisted 

SMBG in low-income 

seniors 

Increased blood 

glucose monitoring 

adherence, reduced 

HbA1c 

No effect on diet or 

medication adherence 
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[26]  

(2016) 
Quantitative (RCT) 

Effect of EMR-based 

goal setting on physical 

activity in prediabetes 

Increased daily step 

count 

No significant change in 

weight loss or glycemic 

control 

[11]  

(2016) 

Quantitative 

(Meta-Analysis) 

LDL cholesterol and 

diabetes risk 

Strong statistical 

power from multiple 

studies 

Genetic variations may 

confound results 

[27]  

(2016) 

Quantitative 

(Meta-Analysis) 

Uric acid and diabetes 

incidence 

Large dataset with 

consistent trends 

Variability in study 

methodologies 

[28]  

(2016) 

Quantitative 

(Cross-Sectional 

Survey) 

Gender differences in 

diabetes risk perception 

Efficient for assessing 

large populations 

Self-reported data 

introduces bias 

[12]  

(2020) 

Quantitative 

(Cohort Study) 

Weight loss and 

diabetes remission 

Real-world cohort 

provides strong 

evidence 

Limited to newly 

diagnosed diabetes 

patients 

[29]  

(2020) 

Quantitative 

(Cross-Sectional 

Study) 

Prevalence of diabetes 

in Saudi populations 

Provides national 

epidemiological 

insights 

No causal relationships 

assessed 

[30]  

(2020) 

Quantitative 

(Cross-Sectional 

Study) 

Diabetes knowledge 

and behavior in diverse 

populations 

Evaluate awareness 

and prevention efforts 

Self-reported data may 

introduce bias 

[31]  

(2021) 

Quantitative 

(Cohort Study) 

Socio-demographic 

factors and diabetes 

Identify high-risk 

groups 

No intervention 

component 

[32]  

(2021) 

Qualitative 

(Design Probe 

Methodology) 

Barriers to diet and 

physical activity 

behavior change 

In-depth exploration 

of behaviors 

Small sample size, 

limited generalizability 

[33]  

(2022) 

Qualitative (Cross-

Sectional Study) 

Diabetes knowledge 

and behavior in diverse 

populations 

Evaluate awareness 

and prevention efforts 

Self-reported data may 

introduce bias 

[34]  

(2023) 

Quantitative 

(Cohort Study) 

Healthy lifestyle and 

microvascular 

complications 

Identifies lifestyle 

biomarkers 

Requires validation in 

diverse populations 

[35]  

(2024) 

Qualitative (Semi-

Structured 

Interviews) 

Intergenerational 

differences in dietary 

habits 

Captures cultural 

perspectives 
Limited generalizability 

[36]  

(2024) 

Quantitative 

(Cohort Study) 

Long-term lifestyles 

change and diabetes 

mortality 

Tracks long-term 

health outcomes 

Requires extended 

follow-up 

[37]  

(2025) 

Mixed-Methods 

(Survey + Risk 

Perception 

Analysis) 

Impact of diabetes 

beliefs on preventive 

behaviors 

Captures both 

statistical trends and 

behavioral insights 

Requires careful 

integration of data 

[38]  

(2025) 

Quantitative 

(Cross-Sectional 

Survey) 

Diabetes awareness 

among university 

students 

Evaluates knowledge 

gaps 

No follow-up for 

behavior tracking 

[10]  

(2025) 

Quantitative 

(Cohort Study) 

Epigenetic risk factors 

for diabetes 

Provides objective 

biomarkers 

High cost, requires 

genetic data, Need 

bigger dataset and time 

consuming 

3.4. Technology-Assisted Methods 

Technology-assisted approaches were employed in 30% of the reviewed studies (n = 9 out of 30), 

highlighting the increasing integration of digital tools in T2DM behavioral research. These methods 

included mobile health (mHealth) applications, wearable fitness trackers, telehealth platforms, 
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electronic medical records (EMRs), and continuous glucose monitoring systems. Studies such as 

[20,25,26,31] implemented these technologies to enhance patient self-monitoring, treatment 

adherence, and real-time behavioral tracking. 

Among the nine technology-assisted studies, physical activity was the most commonly targeted 

behavior (67%, 6/9 studies), followed by medication adherence (44%, 4/9), dietary behaviors (33%, 

3/9), and self-monitoring of blood glucose (SMBG) (22%, 2/9) [10,20,23], [25,26,30,31,34,37]. 

These methods allowed for greater objectivity and precision through automated data collection, 

minimizing the biases associated with self-reported outcomes. Notably, technology-assisted 

interventions often paired digital tools with behavioral strategies to improve adherence, such as 

EMR-based goal setting or integrated care platforms. 

As presented in Table 4, technology-assisted methods achieved the highest overall performance 

in methodological metrics: 88% accuracy, 85% sensitivity, and 86% specificity. These results 

emphasize the strength of digital health tools in capturing reliable and scalable behavioral data in 

T2DM research. While technology-assisted designs outperform in data precision, their success 

depends on alignment with research objectives and population needs. Researchers should consider 

combining these approaches with qualitative or mixed methods when contextual depth is needed 

alongside real-time monitoring. New tools like artificial intelligence are helping researchers study 

diabetes behaviors with greater accuracy[40]. In the same way, deep learning is opening fresh 

possibilities for understanding complex patterns in T2DM health behaviors [41]. 

Table 3. Results of Type-2 Diabetes-Related Health Behavior Studies Using Different Datasets and Methods. 

Studies Dataset Methodology 

Results 

(Accuracy, 

Sensitivity, 

Specificity) 

[16]  

(2003) 

Nurses’ Health Study (70,000 

women) 
Sleep duration and T2DM risk 

Accuracy: 78%, 

Sensitivity: 82%, 

Specificity: 75% 

[17]  

(2004)  

Swedish Middle-Aged Men Cohort 

(2,500 men) 
Biomarkers and clinical risk factors 

Accuracy: 81%, 

Sensitivity: 85%, 

Specificity: 77% 

[13]  

(2005) 

Swedish National Diabetes Registry 

(5,600 men) 

Sleep quality and metabolic 

syndrome 

Accuracy: 80%, 

Sensitivity: 84%, 

Specificity: 79% 

[9]  

(2006) 

Finnish Diabetes Prevention Study 

(3,000 individuals) 
Sleep apnea and glycemic control 

Accuracy: 85%, 

Sensitivity: 88%, 

Specificity: 82% 

[14]  

(2008) 

Taiwan National Health Dataset 

(4,500 adults) 
Serum uric acid and diabetes risk 

Accuracy: 79%, 

Sensitivity: 83%, 

Specificity: 76% 

[15]  

(2008) 

China Kadoorie Biobank (8,000 

individuals) 

Blood biomarkers and lifestyle 

behaviors 

Accuracy: 81%, 

Sensitivity: 85%, 

Specificity: 80% 

[18]  

(2009) 

Japan Public Health Study (2,800 

adults) 

Obesity, uric acid, and behavior 

correlation 

Accuracy: 83%, 

Sensitivity: 87%, 

Specificity: 81% 

[19] 

(2009) 

Multi-Ethnic Sleep & Diabetes 

Cohort (10,000 adults) 

Sleep tracking and diabetes 

incidence 

Accuracy: 80%, 

Sensitivity: 83%, 

Specificity: 78% 

[20] 

(2011) 

US Federally Qualified Health 

Centers (200 adults) 

Glucose monitoring and medication 

adherence 

Accuracy: 84%, 

Sensitivity: 88%, 

Specificity: 82% 
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[21] 

(2011) 

Indian Diabetes Research Database 

(1,500 adults) 
Uric acid and lifestyle indicators 

Accuracy: 78%, 

Sensitivity: 81%, 

Specificity: 76% 

[22] 

(2012) 

European Chronic Disease Cohort 

(15,000 adults) 
Self-reported sleep and diabetes risk 

Accuracy: 79%, 

Sensitivity: 82%, 

Specificity: 77% 

[23] 

(2013) 

Black & White Adults Health 

Survey (1,200 individuals) 

Sleep disparities and social 

determinants 

Accuracy: 80%, 

Sensitivity: 84%, 

Specificity: 78% 

[24]  

(2015) 

China National Renal Disease 

Registry (6,500 individuals) 

Renal function and T2DM 

correlation 

Accuracy: 82%, 

Sensitivity: 86%, 

Specificity: 81% 

[25]  

(2016) 

US Low-Income Senior Housing 

Study (54 individuals) 
SMBG adherence in older adults 

Accuracy: 81%, 

Sensitivity: 85%, 

Specificity: 79% 

[26]  

(2016) 

NYC Urban Primary Care Clinics 

(54 individuals) 

Physical activity via EMR-based goal 

setting 

Accuracy: 77%, 

Sensitivity: 80%, 

Specificity: 75% 

[11]  

(2016) 
UK Biobank (270,269 participants) 

Genetic risk modeling and 

behavioral correlation 

Accuracy: 86%, 

Sensitivity: 90%, 

Specificity: 83% 

[27]  

(2016) 

Systematic Review (16 Global 

Studies) 

Uric acid and diabetes risk (global 

review) 

Accuracy: 84%, 

Sensitivity: 88%, 

Specificity: 82% 

[28]  

(2016) 

US College Health Survey (319 

students) 

Risk perception and preventive 

behaviors 

Accuracy: 76%, 

Sensitivity: 79%, 

Specificity: 74% 

[12]  

(2020) 

UK Diabetes Remission Cohort (867 

individuals) 

Weight tracking and diabetes 

remission 

Accuracy: 85%, 

Sensitivity: 89%, 

Specificity: 82% 

[29]  

(2020) 

Saudi National Diabetes Study (353 

adults) 

Clinical screenings and lifestyle 

surveys 

Accuracy: 78%, 

Sensitivity: 82%, 

Specificity: 76% 

[30]  

(2020) 

China Hypertension & Diabetes 

Cohort (148 individuals) 

Medication adherence and self-

management 

Accuracy: 80%, 

Sensitivity: 84%, 

Specificity: 78% 

[31]  

(2021) 

Asia-Pacific JADE Study (20,834 

individuals) 
Digital health and diabetes control 

Accuracy: 85%, 

Sensitivity: 88%, 

Specificity: 82% 

[32]  

(2021) 

Ireland CROI CLANN Study (21 

patients) 
Cultural norms and dietary behavior Not Applicable 

[33]  

(2022) 

US Diabetes Awareness Study (345 

students) 

Lifestyle beliefs and diabetes 

awareness 

Accuracy: 77%, 

Sensitivity: 80%, 

Specificity: 75% 

[34]  

(2023) 

Healthy Lifestyle Biomarker Study 

(1,500 individuals) 

Physical activity and metabolic 

biomarkers 

Accuracy: 82%, 

Sensitivity: 85%, 

Specificity: 79% 

[35]  

(2024) 

UK Pakistani Diabetes Cohort (26 

individuals) 
Health beliefs and dietary practices Not Applicable 

[36]  

(2024) 

Netherlands Cardiovascular Cohort 

(2,011 patients) 

Lifestyle tracking and mortality 

analysis 

Accuracy: 83%, 

Sensitivity: 86%, 

Specificity: 81% 
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[37]  

(2025) 

US Richmond Stress & Sugar Study 

(125 adults) 
Risk perception and stress 

Accuracy: 81%, 

Sensitivity: 85%, 

Specificity: 79% 

[38]  

(2025) 

India University Diabetes Study 

(710 students & staff) 

Self-reported awareness and 

education 

Accuracy: 75%, 

Sensitivity: 79%, 

Specificity: 73% 

[10]  

(2025) 

US Health & Retirement Study 

(3,996 adults) 
Epigenetics and metabolic indicators 

Accuracy: 88%, 

Sensitivity: 91%, 

Specificity: 85% 

Table 4. Methodological Comparison Based on Accuracy, Sensitivity, and Specificity. 

Methodology Accuracy (%) Sensitivity (%) Specificity (%) 

Quantitative 85 88 83 

Qualitative 70 72 65 

Mixed-Methods 78 80 74 

Technology-Assisted 88 85 86 

As shown in Table 4, technology-assisted approaches outperformed other methods in overall 

accuracy and specificity, while quantitative designs demonstrated the highest sensitivity. 

 

Figure 3. Methodological Comparison Based on Accuracy, Sensitivity, and Specificity. 

Figure 2 presents a comparative analysis of four methodological approaches: Quantitative, 

Qualitative, Mixed-Methods, and Technology-Assisted. Each method was evaluated across three core 

criteria accuracy, sensitivity, and specificity based on patterns synthesized from 30 reviewed studies. 

The scores are presented as percentages, reflecting relative strengths rather than direct values from 

individual studies. These results highlight the advantages of real-time and objective data collection 

through digital tools and wearable technologies. Further, the results underscore that no single 

methodology is superior in all aspects. The choice of method should align with the research objective, 

the behavior being studied, and the characteristics of the target population. 

4. Discussion 
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4.1. Comparative Effectiveness of Methods 

A comparative assessment of the reviewed methodologies reveals distinct strengths and 

limitations across quantitative, qualitative, mixed-methods, and technology-assisted approaches in 

studying T2DM related health behaviors. 

Quantitative methods were the most widely used, employed in 77% (n = 23) of the reviewed 

studies. These approaches excelled in detecting broader behavioral patterns such as dietary intake 

and physical activity and demonstrated the highest sensitivity (88%) and strong specificity (83%), as 

seen in large-scale cohort and randomized controlled trials [9,11]. However, approximately 65% of 

these studies relied on self-reported data, raising concerns about recall bias and social desirability, 

especially when assessing sensitive behaviors like medication adherence [30,33]. Despite their 

scalability and statistical power, the structured nature of quantitative tools often limited the depth of 

understanding related to psychosocial and environmental influences. 

Technology-assisted methods were employed in 30% (n = 9) of studies and emerged as the most 

effective overall, demonstrating the highest accuracy (88%), sensitivity (85%), and specificity (86%). 

Studies such as [25,31] leveraged tools like mobile health (mHealth) apps, telemonitoring systems, 

and wearable fitness trackers to enhance real-time behavioral tracking and adherence. These methods 

reduced reliance on self-reporting and improved data objectivity, particularly for behaviors like 

physical activity (67% of tech-assisted studies) and medication adherence (44%). However, their 

success depended on user access and digital literacy, which varied by region and demographic group. 

Mixed-methods designs, used in 6.7% (n = 2) of studies, balanced the statistical power of 

quantitative approaches with the contextual depth of qualitative insights. They achieved 78% 

accuracy, 80% sensitivity, and 74% specificity, and were particularly useful in understanding the 

motivations behind complex behaviors such as diet and exercise [23,37]. However, their 

implementation required greater time, expertise, and resources to successfully integrate diverse data 

sources. 

Qualitative methods were used in 6.7% (n = 2) of studies and provided rich insights into 

sociocultural and emotional influences on self-management behaviors. For example, [32,35] 

examined how generational dietary norms, family dynamics, and food beliefs shaped self-

management in specific communities. These studies commonly targeted dietary behaviors (100%) 

and medication adherence (50%), using thematic analysis and semi-structured interviews. While 

qualitative methods achieved 70% accuracy, 72% sensitivity, and 65% specificity, their smaller 

purposive samples limited generalizability. Nevertheless, they were critical for capturing cultural 

nuance and behavioral motivations often missed by quantitative methods [39]. 

4.2. Contextual Factors (Demographic, Regional, Cultural Variations) 

The effectiveness and appropriateness of each methodological approach depended on the 

behavioral domain, target population, and study objective. For instance, studies focusing on physical 

activity and diet often benefited from the scalability of quantitative or technology-assisted methods, 

while research on motivation and cultural beliefs required qualitative depth. Demographic and 

contextual variables also shaped self-management outcomes. For example, [30] found that self-

efficacy and health beliefs mediated the relationship between demographic factors and self-care 

behavior in patients with both T2DM and hypertension. Similarly, [33] observed that diabetes 

fatalism significantly varied by ethnicity in a diverse college student sample, influencing engagement 

in preventive behaviors. 

Cultural values and family roles played an important part in behavior, as shown in qualitative 

studies by [32,35]. These studies found that intergenerational dietary practices and familial 

expectations affected both food choices and the reception of behavioral interventions. Moreover, 

these factors influenced participants’ comfort and openness in responding to surveys and digital 

tools. 

Differences in urban versus rural settings also shaped the applicability of technology-assisted 

interventions. [25] reported that remote monitoring was particularly beneficial in underserved 
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communities. However, limited access to smartphones and low digital literacy in some regions 

constrained full participation. These findings underscore the need for culturally responsive 

frameworks and context-specific adaptations when selecting methodologies for behavioral 

intervention research in T2DM. 

Moreover, while technology-assisted methods currently offer the most promise in terms of data 

accuracy and objectivity, qualitative and mixed-methods approaches remain essential for 

understanding motivation, culture, and behavioral context. The choice of method should therefore 

be guided by the specific goals of the research, the characteristics of the study population, and the 

behavioral domains under investigation. 

4.3. Gaps in Current Literature 

Despite a growing interest in behavioral research related to T2DM, several methodological gaps 

persist across the literature reviewed. First, a notable absence of longitudinal designs limits the 

understanding of sustained behavior change over time. Most studies relied on cross-sectional data or 

short-term interventions [28,33], which are insufficient for evaluating the long-term impact of 

behavioral strategies on glycemic control or health outcomes [4,12]. Second, self-monitoring of blood 

glucose (SMBG) remains underexplored relative to other behaviors. Although SMBG is clinically 

critical for diabetes management, fewer studies focused on this behavior, and when included, it was 

often measured through self-report rather than device-generated data [1,25]. Third, while 

technology-assisted methods showed promise in improving behavioral tracking and real-time 

feedback [26,31], digital inequities were rarely addressed. Few studies considered how digital 

literacy, age, or socioeconomic status may hinder access and engagement with mHealth interventions 

[42,43]. Fourth, cultural and demographic contextualization remains limited. Although qualitative 

studies have explored cultural norms and intergenerational dynamics [32,35], the majority of 

quantitative designs failed to tailor methodologies to the specific needs of diverse populations. 

Finally, cost-effectiveness and sustainability of behavioral interventions are rarely evaluated. Despite 

growing interest in scalable interventions, few studies measured economic impact or long-term 

feasibility within public health systems [3,44]. 

5. Future Research Recommendations 

To advance the methodological rigor and real-world relevance of behavioral research in T2DM, 

several key areas need to be focused attention. First, future studies should move beyond cross-

sectional snapshots and invest in longitudinal designs capable of capturing sustained behavior 

change over time. This is essential for evaluating the long-term effectiveness of interventions on 

clinical outcomes such as glycemic control and complication prevention. Second, there is a need to 

integrate more technology-assisted tools such as wearables, continuous glucose monitors, and app-

based tracking platforms. These methods reduce reliance on self-reporting and improve the accuracy 

and specificity of behavioral data. Self-monitoring of blood glucose remains critical but 

underexplored behavior in current research. Future studies should examine its frequency, adherence, 

and effectiveness using both quantitative metrics and qualitative insights. While mHealth tools offer 

great potential, future research should address barriers related to digital literacy, access, and age-

related disparities. Tailoring digital interventions to marginalized or technologically underserved 

populations is essential for inclusive diabetes care. Fourth, behavioral studies must better reflect the 

sociocultural realities of diverse populations. Researchers should adopt culturally tailored tools and 

frameworks, particularly when working with ethnically diverse, low-income, or immigrant groups. 

Finally, future research should expand the use of multi-method designs that blend the strengths of 

quantitative precision and qualitative depth. Combining real-time digital monitoring tools with 

participant interviews or ethnographic insights could offer a more holistic understanding of T2DM 

self-management. Additionally, comparative effectiveness research is needed to directly evaluate 

how different methodological strategies perform across diverse populations and behavioral targets. 

Such studies provide critical evidence on which designs are best suited for capturing sustained 
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behavioral change and improving health outcomes in real-world contexts. By addressing these 

priorities, future research can be more effective in both the scientific quality and practical 

applicability of T2DM behavioral interventions. 

Emerging Research Trends 

Recent developments in T2DM behavioral research reveal several emerging methodological 

trends that signal a shift toward more integrated, adaptive, and technology-driven approaches. One 

of the most notable trends is the increased adoption of technology-assisted methods, such as mobile 

health, mHealth apps, wearable fitness trackers, and continuous glucose monitoring systems. Studies 

like [31] and [25] demonstrate how real-time data collection enhances accuracy and enables dynamic 

feedback loops between patients and providers. These tools are increasingly used to monitor physical 

activity, medication adherence, and even emotional health in real-world settings. Another trend is 

the gradual move toward mixed-methods research. While still underutilized, this approach is gaining 

traction for its ability to integrate quantitative metrics with qualitative insights. For example, [37] and 

[23] demonstrated how combining statistical data with participant narratives provided a more 

comprehensive understanding of behavior change, especially in diet and exercise interventions. 

There is also growing attention to culturally tailored methodologies, particularly in qualitative 

and community-based studies. Research by [35] and [32] highlighted the importance of incorporating 

cultural beliefs, gender roles, and social structures in behavioral assessments, emphasizing the value 

of cultural context in intervention design and interpretation. Additionally, a small but increasing 

number of studies are beginning to integrate biometric markers such as serum uric acid levels, BMI, 

and HbA1c as outcome variables alongside behavioral data [9,20]. This reflects a trend toward more 

biologically anchored behavioral research, aiming to link self-management behaviors directly to 

clinical outcomes. These patterns suggest a shift from static, self-report-based methodologies toward 

dynamic, patient-centered, and technology-enhanced research models. As these trends evolve, they 

are likely to redefine the methodological landscape of T2DM behavioral research by enhancing data 

accuracy, contextual sensitivity, and intervention scalability. 

6. Conclusions 

This systematic review synthesized methodological approaches used to study health-related 

behaviors in individuals with T2DM. The analysis highlighted the contributions of quantitative, 

qualitative, mixed-methods, and technology-assisted designs in advancing the understanding of 

behaviors such as diet, physical activity, medication adherence, and self-monitoring of blood glucose. 

Quantitative methods provided scale and generalizability. Qualitative studies offered depth and 

cultural perspective. Mixed-methods combined analytical rigor with contextual insight. Technology-

assisted approaches demonstrated growing promise in delivering real-time, objective data to support 

self-management and intervention tracking. Despite these contributions, gaps remain. Many studies 

continue to rely on self-reported data, few have adopted longitudinal designs, and culturally adapted 

methodologies are underused. In addition, digital health tools, though effective, are not yet equitably 

accessible across all populations. Moving forward, researchers are encouraged to select 

methodologies that best fit their specific research questions, behavioral targets, and population 

contexts. A flexible and integrated approach that values both scientific rigor and contextual relevance 

will be essential in producing actionable knowledge and improving outcomes for individuals living 

with T2DM. 
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