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Abstract: Gestational Diabetes Mellitus (GDM) requires long-term management, frequent visits, and additional financial costs
compared to normal pregnancies. Patients often express preferences for services that save time, reduce expenses, and simplify
screening. Virtual and telehealth services are valued as they shorten travel and waiting times, lower costs, and improve satisfaction.
Screening preferences emphasize accuracy, affordability, and convenience, while recent machine learning (ML) models have enhanced
prediction and early detection, supporting more personalized strategies. Patients’ preferences have been explored through qualitative,
quantitative, and mixed methods, which capture lived experiences, quantify trade-offs, and contextualize results. This review aims to
examine GDM patients’ experiences with time, costs, and screening, highlight the role of machine learning in screening, and
synthesize evidence from preference-elicitation methods to inform patient-centred care. By linking patient preferences with techno-
logical advances in ML, this review provides a broader and more integrated perspective than previous reviews, helping to guide future
GDM research and service design.
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Introduction

In recent years, the evaluation of healthcare services has been considered a crucial component for achieving high-quality
care and limiting illnesses and deaths across individuals.! This is highly relevant to clinical conditions that require long-
term management, regular hospital visits, and follow-ups, such as Gestational Diabetes Mellitus (GDM).> Women with
GDM may experience multiple care needs that can make healthcare delivery complex and expensive.” Recent GDM
literature focuses on assessing the quality, accessibility, and utilization of healthcare services among patients.* Some
studies evaluated the link between service quality, patient satisfaction, hospital utilization, and financial performance.’
For example, the lack of available and accessible maternal healthcare services has been associated with limited health
outcomes and adverse events in low to middle-income countries." In other cases, postpartum screening and follow-up
could be affected by social and demographic factors, as well as patient and healthcare providers’ awareness and attitude.®
This justifies the direction of some studies to evaluate the possible variation in healthcare experiences and GDM patients’
preferences based on the model of care applied alongside patients’ inter-individual factors.” Thus, medical services

should be regularly improved based on patients’ needs to ensure adequate health care.®
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Multiple qualitative methods, including semi-structured interviews and focus groups, have been widely used to
explore GDM patients’ needs, perceptions, and preferences toward healthcare services.”'” Studies across different
regions have shown that women often describe GDM as emotionally demanding and time-consuming, emphasizing
challenges in balancing dietary control, self-monitoring, and family responsibilities.'":'* These approaches have helped
uncover barriers to self-management, such as limited time, emotional burden, and challenges in adhering to treatment,
while also highlighting how cultural beliefs, family support, and communication with healthcare providers influence
women’s care experiences and decisions."® Quantitative methods, primarily Discrete Choice Experiment (DCE), have
been used to quantify how patients value different aspects of care, such as visit frequency, screening type, and cost,
thereby generating real-world preference data.'® In the past few years, advanced analytical strategies, including Machine
Learning (ML) models, have enhanced prediction accuracy and disease classification in GDM." Clinically, these models
support early diagnosis, guide individualized interventions, and improve patient experience by optimizing healthcare
delivery and outcomes.'®

This review aims to examine GDM patients’ experiences with time, financial costs, and screening, while highlighting
the emerging role of ML in improving screening and diagnosis. It also synthesizes evidence from preference-elicitation
methods, including qualitative, quantitative, and mixed approaches, to better understand how women perceive and value
different aspects of GDM care.

Materials and Methods
Literature searches utilizing PubMed (MEDLINE), EMBASE, and Web of Science were conducted using terms related to
GDM, Patient Preferences, Quantitative, Qualitative, and Machine Learning concepts. No language, age, or date
restrictions or filters were applied.

LibreOffice software was used to develop the tables in this manuscript to support high-quality data presentation and
differentiation. Figures were designed and structured using PowerPoint.

Patients’ Time

Patients’ time is an important factor to consider when examining patients’ preferences for healthcare services.'’ The
increase in patient numbers and treatment options requiring services from multiple healthcare professionals (HCPs) may
cause long waiting times for consultation.'® This can impact patients’ satisfaction and their responsiveness to the medical
information and treatment instructions given by HCPs.'” Some GDM patients correlate the long waiting times in the
clinic to their inability to control their glucose levels.?’ Another factor is travel time, as some studies reported that 44.5%
of GDM patients travelled for more than 30 minutes each way to the hospital.>' Moreover, around 65.1% of pregnant
women with diabetes spent more than 2 hours in the clinic, and this percentage increased to 78% when considering travel
times that exceeded 15 minutes.”’ A travel time of over 30 minutes, with appointment durations varying from 5 to
60 minutes, was also reported.?? Thus, it is understandable that GDM patients prefer to manage their condition remotely
through virtual platforms.>'

GDM patients require more frequent doctor visits compared to those with normal pregnancies due to a higher risk for
complications.”® Therefore, it is recommended that regular clinic visits be made to ensure better glycemic levels, lower
risk of premature infant birth, and neonatal intensive care unit (NICU) admissions.?* In many low- and middle-income
countries, GDM patients are still non-adherent to the essential services.” In the northern area of Tanzania, 23% of GDM
patients who were screened and scheduled for a next-day appointment and one month for fasting plasma glucose (FPG)
and Oral Glucose Tolerance Test (OGTT) did not return.”® Around 35.7% of pregnant South African women designated
for GDM testing did not undergo it because of inaccessible telephone lines and relocation from the area.”” This non-
adherence may be correlated to obstetric history, financial commitments, transportation limitations, and sociocultural
practices.”® A recent Chinese study reported that the majority of pregnant women expressed a preference for fewer
hospital visits, especially those with poor socioeconomic backgrounds and residing in remote locations.*

In recent years, advanced technologies have enabled either in-person or remote consultations between clinicians and
patients.*® Current evidence shows a high level of patient satisfaction with remote consultations.®" It was reported that
83% of GDM patients had a positive experience with virtual care, particularly due to the benefits of saving both money
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and time.>*> Women residing in rural areas preferred virtual care to avoid long travel times and time off work.”?> Women
with a history of GDM, who have experienced multiple hospital visits and long wait times at clinics, strongly preferred
remote care.”’ These patients expressed a willingness to self-manage their condition at home while being monitored
remotely by their medical team.?' In developed countries like Singapore, smartphone applications have become a more
preferred alternative to in-person visits for pregnant women with GDM.** However, limited use of digital devices,
language obstacles, and older age can affect patient preferences for in-person appointments,”* especially among those
with a history of GDM who received limited education.®® Despite the benefits of remote care, some GDM patients
continue to prefer the occasional face-to-face appointments.*

However, the effectiveness of telehealth and virtual care is not uniform across all populations. Limited digital literacy,
poor internet connectivity, and unequal access to smart devices create a “digital divide” that may exclude women from
low-income, rural, or older age groups.>® These barriers can lead to frustration, disengagement, and lower adherence,
particularly in regions where health systems lack technical support or user training. Therefore, while telehealth enhances
efficiency and accessibility for many, future models must incorporate strategies to improve digital literacy, provide
affordable technologies, and ensure equitable access to virtual services for all GDM patients.>’

Patients’ Expenses

The financial costs associated with GDM care services are an important factor that impacts patients’ preferences and
adherence. The cost of health care associated with GDM is 25.1% higher than the cost for healthy pregnant women.*®
The financial costs of hospital visits and neonatal ICU use are 44% and 49% higher in GDM cases, respectively.>® During
the pregnancy and delivery stages, maternity insurance does not always include,’® and often does not cover the full
costs.* For instance, in China, women and their families are responsible for covering a large amount of financial
expenses associated with GDM healthcare,*' leading to approximately 60% of the delivery costs being paid by patients
even after the introduction of the insurance system.** It is also suggested that the limited number of experienced HCPs
may compel some GDM patients to choose private hospital care, where considerably higher costs are paid, often through
out-of-pocket (OOP) payments that add further financial burden.**** Another added financial burden is the need to
purchase healthy food options, which is an added cost during GDM management.*’

Addressing these financial challenges requires accessible and flexible healthcare appointments, along with physician-
led lifestyle counselling, to help reduce overall costs by preventing complications and unnecessary hospital visits.*® This
emphasizes the need to follow a standardized model in diabetes centres that includes scheduling appointments, activating
reminders, structuring communication sheets, and reallocating work responsibilities.*® Recent studies further highlight
that redesigning care pathways into integrated maternity units can generate cost savings of nearly 10% while maintaining
patient satisfaction and clinical outcomes.*” Early diagnosis and timely treatment of GDM have also been shown to be
more cost-effective than delayed intervention, preventing escalation into more resource-intensive care.*® In addition,
lifestyle programs—particularly those delivered in group settings or healthcare facilities—significantly reduce the
incidence of GDM and related expenses.*’ Telehealth-based dietitian counselling and virtual lifestyle coaching offer
additional scalable solutions, proving both cost-saving and effective in reducing complications by providing patients with
accessible support outside traditional care settings.’®>' Together, these insights underscore that screening models aligned
with patient preferences—combining diagnostic accuracy, reduced costs, minimal inconvenience, and supportive coun-
selling—can improve participation, satisfaction, and overall acceptance of GDM screening.

Patients’ Screening

The screening for GDM plays a vital role in identifying asymptomatic pregnant women and preventing adverse outcomes
associated with the disease.”® A recent study reported that GDM patients prefer a screening strategy associated with
a high diagnostic rate, reduced out-of-pocket expenses, a low number of blood draws, limited screening waiting times,
and minimal hospital visits.”” These findings highlight that women value not only the accuracy of screening but also its
affordability and convenience, particularly when balancing pregnancy with work and family responsibilities. For
instance, qualitative studies have shown that women often perceive repeated blood tests and extended hospital visits
as stressful and disruptive, which can reduce willingness to attend screening.**>® Patients also emphasized the
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importance of supportive elements during the screening process, such as clear communication of results and counselling
aimed at safeguarding the baby’s health. These elements increase women’s willingness to undergo and complete
screening. Together, these insights underscore that screening models aligned with patient preferences—combining
diagnostic accuracy, reduced costs, minimal inconvenience, and supportive counselling—can improve participation,
satisfaction, and continuity of care.

Recent advances highlight the potential of machine learning (ML) models to strengthen GDM screening by moving
beyond traditional risk-factor—based approaches. These models integrate multiple maternal characteristics—such as age,
BMI, family history, ethnicity, and early pregnancy biomarkers—to predict GDM risk with greater accuracy than
conventional clinical criteria.”* For example, a large multicenter study showed that ML-based prediction models
achieved higher sensitivity and specificity compared to current screening guidelines, allowing for earlier identification
of high-risk women.” Such tools can help design personalized screening strategies, reducing unnecessary tests for low-
risk women while ensuring timely and efficient testing for those at high risk.’® In addition, ML-driven digital platforms
can be linked with electronic health records to automate risk alerts and support clinicians in making screening
decisions.”” By combining predictive analytics with patient preferences for fewer visits and reduced costs, these solutions
have the potential to make GDM screening more accurate, affordable, and patient-centered. Table 1 presents a summary
of ML models applied across different aspects of GDM management, outlining their role in screening, diagnosis,
glycemic control, postpartum follow-up, and cost evaluation.

Despite these advances, several challenges limit clinical translation of ML-based screening tools. Data quality and
completeness vary widely across hospitals and populations, often introducing bias and limiting model reliability.”” Many
algorithms are developed on small or single-center datasets, reducing their generalizability to diverse ethnic or socio-
economic groups. Model interpretability also remains a significant barrier, as complex algorithms can act as “black
boxes”, making it difficult for clinicians to understand or trust the decision process.”® In addition, real-world adoption is
slowed by integration issues with electronic health systems, lack of clinician training, and regulatory uncertainties.”’
Addressing these limitations through standardized data collection, transparent model reporting, and validation in multi-
cultural settings is essential for ML to become a trusted component of GDM screening.

In practice, the evidence across time, expenses, and screening dimensions highlights that GDM care remains shaped
by structural and socioeconomic barriers that limit accessibility and adherence.”® Long travel distances, high out-of-
pocket costs, and time-intensive screening procedures create overlapping challenges that directly influence women’s
satisfaction and participation in care.”” While digital health solutions and ML models have introduced promising ways to
reduce these burdens, their success depends on ensuring equity, cultural sensitivity, and patient engagement. Future work
should focus on integrating these technological and organizational innovations within patient-centered care models that
recognize women’s lived realities and preferences, rather than relying solely on efficiency-driven solutions.

Beyond time, cost, and screening factors, substantial heterogeneity exists among GDM patients in terms of socio-
economic status, education, and cultural background. Women with higher education or income levels may engage more
readily with self-management and digital tools, while those from disadvantaged or rural settings often face barriers
related to health literacy, financial limitations, and access to care.*® Cultural beliefs and language differences further
shape women’s perceptions of risk, diet adherence, and communication with healthcare providers.®' These disparities
highlight that patient preferences are not uniform but context-dependent, limiting the generalizability of findings across
populations. Future studies should stratify analyses by socioeconomic and cultural variables and include more diverse
populations to develop inclusive, globally relevant patient-centered care strategies.

Another limitation concerns the geographic distribution of existing evidence. Most available studies on GDM
preferences, telehealth adoption, and screening models originate from high-income countries such as Australia,
Singapore, the United Kingdom, and the United States.®* In contrast, research from low- and middle-income countries
(LMICs) remains scarce, despite differing healthcare infrastructures, insurance coverage, and sociocultural contexts that
may strongly influence patient experiences and preferences.®> This imbalance restricts the applicability of current
findings to resource-limited settings, where barriers such as transportation costs, healthcare accessibility, and digital
connectivity are often more pronounced. Expanding research efforts and data collection in LMICs is therefore essential to
capture a more representative and equitable understanding of GDM care preferences worldwide.

4222 https: Patient Preference and Adherence 2025:19



615707 22UJBYPY PUE 3dUBIYI.I IUdNEd

:sdyzy

€y

Table | Application of Machine Learning Models in GDM Care

GDM Healthcare Service Machine Learning Model Outcome Ref
Screening / Diagnosis ® RF Predicting GDM based on patient’s variables (BMI, laboratory data, and | [58]
family history of diabetes)
® LR model Predicting GDM based on maternal age, pre pregnancy body mass [59]
index, and results of early OGTT
® Neural Network and LR model Evaluating the relationship of GDM with thyroxine and BMI [60]
® ML based stratification system — Multiple linear regression (MLR), Random Forest, extreme | Stratifying high risk GDM patients [61]
gradient boosting (XGBoost) regression models
® Combined models: decision tree, RF, SVM, KNN, LR, and Naive Bayes Predicting GDM [62, 63]
Clinical Decision Support For ® Recurrent Neural Network - Long Short-Term Memory (RNN-LSTM) with Bayesian optimisation t | Preventing OGTT use for patients with low GDM risk to limit adverse | [64]
GDM Diagnosis events
® |R, RF, Support Vector Machine (SVM), adaptive boosting (AdaBoost) and XGBoost Assisting in early GDM screening for high risk patients [65]
Glycemic Control ® Stacked-LSTM Predicting blood glucose levels before and after meal [66]
® General Linear Models (GLM), RF, and SVM Predicting caesarean birth based on temporal blood glucose [67]
® A combination of gradient boosting classifier and linear SVM classifier; multivariate LR model Modelling of a preconception-based GDM predictor for early [68]
intervention
® |east Absolute Shrinkage and Selection Operator (LASSO) regression, RF, and extreme gradient | Predicting the risk for pharmacologic treatment beyond Medical [69]
boosting algorithms Nutritional Therapy (MNT)
Postpartum Follow-up ® LR model Predicting non-adherence to postpartum glucose screening and T2DM | [70]
risk
® | R model based on antenatal fasting glucose at OGTT and HbAlc post GDM diagnosis Predicting postpartum prediabetes in women diagnosed with GDM [71]
Financial Cost ® Decision tree Evaluating short-term GDM health-economic impact [72]
® Decision tree Comparing the cost effectiveness between lifestyle interventions and [73]
usual care for GDM prevention
® SVM, RF, AdaBoost, kNN, Naive Bayes (NB), decision tree, LR, XGBoost, and gradient boosting | Accurate GDM diagnosis with less operation cost and higher efficacy [74]
decision tree (GBDT)

Abbreviations: RF, Random Forest; LR, Logistic Regression; MLR, Multiple linear regression; SVM, Support Vector. Machine; XGBoost, Extreme Gradient Boosting; AdaBoost, Adaptive Boosting; RNN-LSTM, Recurrent. Neural
Network - Long Short-Term Memory; GLM, General Linear Mo LASSO, Least Absolute Shrinkage and Selection Operator; Knn, k-nearest neighbors; NB, Naive Bayes; GBDT, Gradient Boosting Decision Tree.
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Methods Used in Eliciting Patients’ Preferences
Several qualitative and quantitative methods have been adopted to determine patients’ relative desirability or accept-
ability for these services.®

Qualitative Methods

Qualitative methods are used to collect descriptive data about patients’ observations, their subjective experiences, and
decisions made by them.®® Semi-structured interviews are a qualitative method that uses open-ended questions and
enables researchers to explore participants’ beliefs about a particular topic, and delve into sensitive health-related
issues.®® This method was used to investigate women’s beliefs about GDM during and post pregnancy, and assess
their impact on the progression.®” These interviews were also conducted to explore patients’ attitudes toward lifestyle
changes and to enable them to provide advice to those newly diagnosed with GDM.'" In the follow-up stage, interviews
were conducted to identify the barriers and facilitators of diabetes screening based on HCPs® experience.*® For
example, Jane et al evaluated the impact of patients’ experience with GDM management on the degree of participation
in the follow-up phase.”® In the high-risk GDM population, women were interviewed to understand their views on the
development of advanced technologies such as mobile health applications.”!

Another qualitative method used to elicit GDM patients’ preferences is focus groups. In comparison to individual
interviews, the process of focus groups can help people better clarify their views.”> Focus groups allow participants to
respond in their own words and to choose discussion topics.”> This method also helps in reflecting the experiences of
certain social groups, empowering and motivating patients toward behavioral changes.”® In some instances, arranging
focus groups may require additional time and effort compared to individual interviews.”> For GDM, focus groups have
been organized to evaluate the self-management experiences of newly diagnosed women”® and assess patients’ experi-
ence with insulin and anti-diabetic agents.”” The implementation of focus groups helped in determining the concerns,
needs, and knowledge of GDM patients.”® In the postpartum stage, focus groups were used to identify the key factors that
may improve GDM patients’ participation in the TDM2 prevention program.””

In the low-income population, semi-structured interviews and focus groups were used to evaluate the preferences of
women in self-managing GDM.'” These methods were also used to assess the factors that may affect the health

behaviors of GDM patients and their preferences for lifestyle support,'®!

especially in women of culturally and
linguistically diverse (CALD) backgrounds.'®® In the postpartum stage, the combination of these qualitative methods
revealed factors that may affect healthy lifestyle changes and facilitate participation in a lifestyle intervention

program.'%?

Quantitative Methods

Quantitative or stated preference (SP) methods are mainly implemented for collecting quantifiable data that can be
assessed through statistical inferences or analysis.'® One of the most commonly employed SP methods for eliciting
patients’ preferences is DCE.'®> This method is used for quantifying preferences, evaluating alternative options, and
understanding preference variations among subgroups.'® DCE has been contributing to the generation of data used for
clinical and policy decision-making.'®’ It has also been implemented to improve treatment adherence, identify patients’
preferences for complex health choices, and develop health programs and technologies that match patients’ demands.'*®
Overall, this methodology was applied to elicit pregnant women’s views for screening strategies in terms of frequency of
blood draws and hospital visits, extra pocket costs, screening waiting time, and positive diagnosis rate.?’ DCE has also
been implemented to assess the relative importance of healthcare services specific to pregnant women searching for
a health facility for delivery.'” Therefore, DCE is a promising tool for investigating understudied patients’ care
experiences and preferences'' in multiple illnesses such as GDM.

Mixed Methods

In the context of stated preference methods such as DCE, qualitative approaches are mainly used to identify attributes
and levels, and to pilot surveys.''' Focus groups and semi-structured interviews are instrumental in the early stages of
DCE development, as they allow researchers to explore women’s lived experiences and perceptions of GDM care.*’
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These discussions highlight which aspects of care—such as waiting times, number of blood draws, dietary counselling, or
costs— are most meaningful to patients, ensuring that attributes reflect real concerns rather than researcher
assumptions.' '

Once attributes and levels are defined, specialized software is used to construct choice sets that present different
combinations of these attributes.''* This allows the DCE to measure quantifiable preferences by observing trade-offs that
women are willing to make across attributes.''* For example, qualitative pre-studies in GDM settings have shown that
women often highlight the inconvenience of repeated hospital visits, long waiting times, and high out-of-pocket costs
during focus groups.”’ These insights informed the inclusion of attributes such as the number of clinic visits and the cost
of screening in DCE surveys on GDM.>>!!%11¢

Therefore, mixed methods add value not only to survey design but also to the interpretation of results. Qualitative
findings explain why women prioritize specific attributes, while the DCE quantifies how much those attributes matter.
Hewage et al showed that combining qualitative interviews with DCE helped contextualize women’s preferences for
GDM services.>® Follow-up focus groups have also clarified unexpected results; for instance, some women valued
convenience—such as fewer hospital visits and shorter waiting times—more highly than clinical accuracy, and qualita-
tive discussions helped explain these choices.?’

Overall, integrating qualitative and quantitative methods ensures that GDM preference studies are grounded in patient
experience while also producing robust, generalizable estimates. This strengthens the ability of DCEs to inform patient-
centered healthcare design for GDM. Table 2 presents a comparative overview of preference elicitation methods
(qualitative, quantitative, mixed) used in practice, while Figure 1 summarizes the manuscript framework, showing
how mixed methods and ML approaches align with key GDM services to support patient-centered care.

Together, these insights indicate that while mixed methods have improved understanding of patient preferences, they
are still rarely integrated into real-world healthcare design or policy. Most studies remain descriptive and limited to

specific cultural or clinical settings. Future research should aim to bridge the gap between preference elicitation and

Table 2 Comparison of Qualitative, Quantitative, and Mixed Methods for Eliciting Patient Preferences in GDM

Method Type Common Techniques Key Advantages Main Limitations Ref

®  Small,
generalizability.

Qualitative Methods Semi-structured interviews, focus groups | ® Provide in-depth understanding of women’s non-representative ~ samples  limit | [117,118]

lived experiences, beliefs, and emotional

responses. ®  Subjectivity in data interpretation.

® Help identify context-specific barriers and | ®

facilitators to care.

Useful for generating attributes for quantita-

Time- and labor-intensive for data collection and
analysis.
® May lack consistency and comparability across

interviews/focus groups with DCE or

surveys

® Strengthen validity of findings by triangulat-
ing data.

Explain quantitative results using qualitative
insights.

resources.

® Complex data integration and interpretation.

Risk of imbalance if one component dominates.

Integration challenges may lead to inconsistent

weighting of qualitative vs quantitative findings.

Potential participant fatigue when both inter-
views and surveys are used in the same study.

tive studies. studies due to researcher bias or limited sample
diversity.
Quantitative Methods Discrete Choice Experiment (DCE) ®  Quantify relative importance of care attributes | ® Attribute selection may not fully capture patient | [119-121]
and trade-offs. experience if not grounded in qualitative data.
® Enable subgroup comparison and statistical | ® Susceptible to survey fatigue and hypothetical
inference. bias, affecting data quality.
® Generate data for clinical and policy deci- | ® Small sample sizes may reduce statistical power
sion-making. and limit subgroup analysis.
®  Cognitive burden for participants.
® Requires careful experimental design and statis-
tical expertise.
Mixed Methods Sequential or convergent integration of ®  Combine depth and generalizability. ® Require multidisciplinary expertise and more [122,123]
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Models

Figure | Methods for Eliciting Patient Preferences and Enhancing GDM Services in Literature.

implementation by combining patient-centered evidence with technological innovations—such as ML-driven decision
support—to develop more inclusive and responsive GDM care models.

Conclusion

GDM care involves complex needs shaped by patients’ time, financial costs, and access to screening. Evidence shows
that women prioritize convenient, affordable, and supportive services, with strong preferences for fewer hospital visits,
shorter waiting times, and clear counselling. Addressing these needs requires flexible appointments, cost-effective care
pathways, lifestyle programs, and digital solutions such as telehealth. Recent advances in ML further enhance screening
accuracy and support personalized strategies. Qualitative, quantitative, and mixed methods together provide robust
insights into these preferences. Consequently, integrating patient perspectives into service design is essential to ensure
GDM care that is effective, affordable, and patient-centered.
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