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Objective: This study aimed to predict health-related quality of life among patients 
with type 2 diabetes in Mexico using a Random Forest model and to identify the most 
influential clinical, behavioral, psychological, and sociodemographic predictors 
through SHAP-based feature importance analysis. 
Methods and Materials: This cross-sectional predictive modeling study was 
conducted among 462 adult patients with type 2 diabetes receiving outpatient care in 
Mexico City, Guadalajara, and Monterrey. Health-related quality of life was assessed 
using the 36-Item Short Form Health Survey. Clinical, behavioral, psychological, and 
sociodemographic data were collected using medical records and standardized self-
report instruments, including measures of diabetes self-care and psychological distress. 
The dataset was divided into training and testing subsets using an 80:20 split. A 
Random Forest regression model was developed to predict total health-related quality 
of life scores. Model performance was evaluated using the coefficient of determination, 
root mean square error, mean absolute error, and mean squared error. SHAP analysis 
was applied to interpret global feature importance and the direction of predictor effects. 
Findings: The Random Forest model demonstrated strong predictive performance, 
explaining 73.5% of the variance in health-related quality of life in the independent 
testing set. The model achieved an RMSE of 8.34, MAE of 6.49, and MSE of 69.56. 
Cross-validation and out-of-bag estimation showed comparable performance, with R² 
values of 0.721 and 0.704, respectively. SHAP analysis identified depression score as 
the strongest predictor of lower health-related quality of life, followed by HbA1c, 
number of diabetes-related complications, physical activity self-care, duration of 
diabetes, body mass index, stress score, medication adherence, sleep duration, age, 
hypertension, anxiety score, foot care behavior, household income, and insulin use. 
Conclusion: The findings indicate that health-related quality of life among patients 
with type 2 diabetes can be predicted with acceptable accuracy using Random Forest 
modeling, while SHAP analysis provides clinically interpretable evidence that 
psychological distress, glycemic control, complication burden, and self-care behaviors 
are central determinants of patient-perceived health. 
Keywords: Type 2 diabetes; health-related quality of life; Random Forest; SHAP; 
machine learning; self-care; depression; glycemic control. 
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1. Introduction 

ype 2 diabetes mellitus is a complex, chronic, and 

progressive metabolic disorder that extends far beyond 

abnormalities in blood glucose regulation and imposes a 

multidimensional burden on physical functioning, 

psychological well-being, social participation, and daily 

self-management. As the disease progresses, patients are 

required to maintain long-term adherence to medication, 

dietary regulation, physical activity, glucose monitoring, 

regular medical follow-up, and prevention of microvascular 

and macrovascular complications. These demands make 

type 2 diabetes not only a biomedical condition but also a 

lived experience that continuously affects perceived health, 

autonomy, emotional stability, and quality of life. In clinical 

diabetes care, the traditional emphasis on biochemical 

indicators such as glycated hemoglobin, fasting blood 

glucose, lipid profile, renal markers, and body mass index 

remains essential; however, these indicators do not fully 

capture how patients experience their illness in everyday 

life. Health-related quality of life has therefore become a 

central outcome in diabetes research because it reflects the 

patient’s subjective perception of physical capacity, 

emotional well-being, social functioning, symptom burden, 

and overall health status. In patients with type 2 diabetes, 

health-related quality of life is influenced by disease 

duration, treatment complexity, self-care behaviors, 

psychological distress, sleep quality, comorbidities, 

socioeconomic resources, and diabetes-related 

complications, making it a suitable outcome for integrative 

predictive modeling (Ali et al., 2024; Mansour et al., 2023). 

The clinical course of type 2 diabetes is often shaped by 

the cumulative effect of metabolic dysregulation and chronic 

complications. Poor glycemic control has been associated 

with adverse clinical outcomes, particularly among patients 

with type 2 diabetes and cardiovascular comorbidity, 

highlighting the importance of HbA1c not only as a marker 

of metabolic control but also as a predictor of broader health 

risks (Tang et al., 2024). Cardiovascular complications are 

especially important because they directly affect physical 

functioning, treatment burden, and perceived vulnerability, 

while molecular and biomarker studies continue to clarify 

the mechanisms through which diabetes contributes to 

vascular and systemic deterioration (Elshafae et al., 2020; 

Mouriño-Álvarez et al., 2021; Rabizadeh et al., 2021). In 

addition, kidney impairment is one of the most consequential 

diabetes-related complications because it may remain 

asymptomatic during early stages but later impose 

substantial restrictions on physical health and daily life. 

Recent studies have emphasized the potential role of renal 

biomarkers, including cystatin C, beta trace protein, and 

related markers, for earlier detection of kidney injury and 

diabetic nephropathy in patients with type 2 diabetes (Ali et 

al., 2024; Mansour et al., 2023; Ramadevi & Sunitha, 2025). 

Such findings suggest that quality of life in diabetes should 

not be interpreted as a simple psychological outcome but as 

a multidimensional construct affected by biological risk, 

complication burden, treatment history, and functional 

decline. 

Beyond renal and cardiovascular complications, type 2 

diabetes is associated with a broad range of health problems 

that may influence health-related quality of life through pain, 

disability, sensory impairment, sexual health problems, oral 

health difficulties, musculoskeletal deterioration, and 

reduced independence. Diabetic retinopathy and ocular 

changes may impair vision and interfere with mobility, self-

care, and social participation (Deepa et al., 2021). 

Sarcopenia, osteoporosis, and changes in body composition 

may also contribute to frailty and reduced physical capacity 

among patients with type 2 diabetes, making markers such 

as the creatinine-to-cystatin C ratio potentially relevant for 

identifying musculoskeletal vulnerability (Dai & Xu, 2022). 

Erectile dysfunction has been identified as a significant 

diabetes-related problem in African populations, indicating 

that quality of life is also affected by sexual health and 

intimate functioning, domains that are often underreported 

in routine diabetes care (Shiferaw et al., 2020). Other 

diabetes-related conditions, such as tooth wear and oral 

complications, may be affected by treatment type and 

metabolic status and may further reduce comfort, nutrition, 

and social confidence (Younes & Hamam, 2022). These 

diverse complications show that type 2 diabetes can disturb 

multiple bodily systems, and this systemic burden must be 

reflected in predictive approaches that move beyond single-

risk-factor analysis. 

Psychological and behavioral factors are equally central 

to understanding quality of life among patients with type 2 

diabetes. Depression is common among patients with type 2 

diabetes and can reduce motivation, interfere with self-care, 

worsen perceived health, and amplify the subjective burden 

of symptoms (Algaows et al., 2021). Psychological distress 

can also interact with treatment adherence, sleep, physical 

activity, and dietary behavior, producing a cycle in which 

emotional symptoms and metabolic burden reinforce each 

other. Self-care behavior is a major determinant of diabetes 

outcomes because patients must translate medical 

T 
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recommendations into repeated daily actions. Evidence on 

self-care practices, treatment satisfaction, and quality of life 

among patients with type 2 diabetes indicates that behavioral 

engagement and satisfaction with care are closely connected 

with perceived well-being (Banstola et al., 2022). Health 

literacy and self-care behavior have also been shown to 

influence health-related quality of life in patients with type 

2 diabetes, suggesting that patients’ ability to understand, 

access, and apply health information is an important 

resource for disease management (Gaffari-fam et al., 2020). 

Similarly, structured education in diabetes management has 

been emphasized as a key strategy for improving self-

management and supporting long-term disease control 

(Chowdhury, 2022). These findings indicate that quality of 

life in diabetes is not determined exclusively by disease 

severity but also by patients’ knowledge, skills, behavioral 

routines, and confidence in managing their condition. 

Sleep and family support are additional factors that may 

meaningfully influence health-related quality of life in type 

2 diabetes. Sleep deprivation in adults with type 2 diabetes 

has been associated with adverse consequences for 

metabolic regulation, emotional functioning, and daily 

performance, making sleep duration and sleep quality 

important candidate predictors of health-related quality of 

life (Woods et al., 2023). Inadequate sleep may reduce 

energy, impair cognitive functioning, increase stress, worsen 

glycemic control, and lower the patient’s ability to engage in 

physical activity and dietary regulation. Family support is 

also important because diabetes management frequently 

occurs within household routines involving meals, finances, 

emotional encouragement, transportation to care, and 

medication support. Perceived family support has been 

associated with diabetes control among adults with type 2 

diabetes, indicating that interpersonal resources may 

contribute to both clinical outcomes and subjective well-

being (Emeka et al., 2022). In this respect, health-related 

quality of life should be viewed as the result of interaction 

between clinical burden, psychological distress, lifestyle 

behavior, sleep, social support, and access to health 

resources. 

The increasing complexity of diabetes care has 

encouraged the use of predictive analytics and machine-

learning methods to identify high-risk patients and support 

individualized decision-making. Traditional statistical 

models are useful for testing linear associations and 

estimating average effects, but they may be limited when 

predictors are numerous, nonlinear, interdependent, or 

differently important across patient subgroups. Machine-

learning approaches can model complex interactions among 

clinical, psychological, behavioral, and demographic 

variables and may therefore improve the prediction of 

patient-centered outcomes such as health-related quality of 

life. Studies using predictive supervised learning and data 

analysis have demonstrated the potential of machine 

learning for classification and prediction in type 2 diabetes 

and related diabetic conditions (Prabakar et al., 2022; 

Roobini & Lakshmi, 2021). Ensemble approaches have also 

been applied for diabetes prediction and classification, 

supporting the value of multistage and combined learning 

strategies in metabolic disease research (Simaiya et al., 

2022). Furthermore, artificial intelligence has been proposed 

for predicting cardiovascular complications in patients with 

type 2 diabetes, indicating that predictive modeling can be 

extended from disease detection to complication forecasting 

and risk stratification (Ferdosian et al., 2021). These 

developments provide a strong rationale for applying 

machine-learning models to health-related quality of life, 

particularly because quality of life is influenced by a 

combination of variables that may not operate in a purely 

linear or additive manner. 

Among machine-learning methods, Random Forest is 

especially suitable for health-related quality of life 

prediction because it can manage high-dimensional 

predictor sets, detect nonlinear relationships, model 

interactions, and reduce overfitting through ensemble 

decision trees. However, one limitation of advanced 

machine-learning models is that they are often perceived as 

“black box” methods because they may produce accurate 

predictions without clearly explaining how each variable 

contributes to the final output. This limitation is particularly 

important in health sciences, where interpretability is 

essential for clinical translation, patient trust, and 

intervention planning. Explainable artificial intelligence 

methods such as SHAP-based feature importance analysis 

help address this limitation by estimating the contribution of 

each predictor to model predictions. SHAP analysis allows 

researchers to identify which variables have the greatest 

influence on predicted quality of life and whether high or 

low values of a variable increase or decrease the predicted 

outcome. This is important because clinicians and 

policymakers need not only to know whether a model 

predicts health-related quality of life accurately, but also to 

understand which factors are most actionable, such as 

depression, physical activity, medication adherence, sleep 

duration, glycemic control, and complication burden. 
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The growing use of digital health technologies further 

strengthens the relevance of predictive and explainable 

models in diabetes care. Technology use among patients 

with diabetes is influenced by underlying motives for 

adoption, suggesting that digital health behaviors cannot be 

understood only as access to devices but should also be 

examined in relation to patient motivation, perceived 

usefulness, and behavioral engagement (Csuka et al., 2025). 

Digital tools, remote monitoring, automated risk prediction, 

and explainable dashboards may help clinicians identify 

patients at risk of low quality of life and provide targeted 

support before deterioration becomes severe. Broader 

advances in precision medicine, biomedical innovation, and 

algorithmic decision-making also illustrate the movement 

toward individualized care across medical fields, including 

chronic inflammatory disease management, outcome 

measurement, gene-based treatment strategies, and 

prognostic modeling (Fokkens, Corso, et al., 2024; Fokkens, 

Sedaghat, et al., 2024; Suwito et al., 2023; Wu et al., 2021). 

Although these fields differ from diabetes care, they 

collectively demonstrate the increasing importance of 

algorithms, biomarkers, outcome measures, and 

personalized risk assessment in contemporary health 

research. Similarly, predictive studies outside diabetes, 

including research on hemorrhagic infarction after 

thrombolysis, show how multicenter clinical data can be 

used to identify predictors of adverse outcomes and improve 

risk-informed clinical decision-making (Zeinhom et al., 

2024). 

Health-related quality of life has also gained importance 

because chronic disease outcomes are shaped by population-

level disruptions and broader health contexts. The COVID-

19 pandemic had measurable effects on health-related 

quality of life in general populations, emphasizing that 

perceived health is sensitive not only to individual illness but 

also to social restrictions, psychological stress, access to 

care, and public health disruption (Nshimirimana et al., 

2023). For patients with type 2 diabetes, such disruptions 

may be particularly consequential because delayed 

appointments, reduced physical activity, financial stress, and 

limited access to routine monitoring may worsen both 

metabolic status and subjective well-being. In addition, 

research on gestational diabetes screening highlights that 

diabetes-related risk identification depends on accurate 

assessment strategies and that reliance on limited risk-factor 

screening may be insufficient in some contexts (Olumodeji 

et al., 2021). Genetic, inflammatory, and metabolic research 

has also pointed to the biological heterogeneity of diabetes 

and related chronic conditions, including associations 

between genetic polymorphism, body mass index, 

inflammatory biomarkers, and immune pathways in 

different disease contexts (Fujita & Inagaki, 2021; Maes et 

al., 2020; Oishi et al., 2020; Sabry et al., 2020). Although 

some of these studies address conditions outside type 2 

diabetes or focus on related biological mechanisms, they 

collectively reinforce the need for integrative models 

capable of incorporating diverse predictors rather than 

relying on isolated clinical indicators. 

Despite increasing attention to type 2 diabetes outcomes, 

several gaps remain in the prediction of health-related 

quality of life. First, many studies focus on biomedical 

markers or self-care behavior separately, whereas quality of 

life is shaped by the combined effects of metabolic control, 

complications, psychological distress, sleep, lifestyle, 

treatment burden, and social context. Second, conventional 

analyses often estimate average relationships but may fail to 

capture nonlinear or interaction effects among predictors. 

Third, machine-learning studies in diabetes have frequently 

prioritized diagnosis, classification, or complication 

prediction rather than patient-centered outcomes such as 

health-related quality of life. Fourth, even when predictive 

models are used, their clinical usefulness may be limited if 

the model does not provide interpretable explanations of 

feature importance. Finally, there remains a need for 

evidence from different sociocultural and healthcare 

settings, including Mexico, where diabetes care is affected 

by urbanization, lifestyle transitions, unequal access to care, 

and varying levels of health literacy, social support, and 

treatment continuity. A Random Forest model combined 

with SHAP-based feature importance analysis can address 

these gaps by producing both predictive accuracy and 

clinically interpretable insight into the most influential 

determinants of health-related quality of life. 

The aim of this study was to predict health-related quality 

of life among patients with type 2 diabetes in Mexico using 

a Random Forest model and to identify the most influential 

sociodemographic, clinical, behavioral, and psychological 

predictors through SHAP-based feature importance analysis. 

2. Methods and Materials 

2.1. Study Design and Participants 

This study was designed as a cross-sectional predictive 

modeling study aimed at estimating health-related quality of 

life among patients with type 2 diabetes and identifying the 

most influential sociodemographic, clinical, behavioral, and 
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psychological predictors through a Random Forest 

algorithm and SHAP-based feature importance analysis. The 

study population consisted of adult patients diagnosed with 

type 2 diabetes who were receiving outpatient care at public 

and private endocrinology and internal medicine clinics in 

Mexico. Data were collected from patients attending 

diabetes care centers in Mexico City, Guadalajara, and 

Monterrey between March 2024 and December 2024. A total 

of 462 patients with type 2 diabetes participated in the study. 

Participants were eligible for inclusion if they were 30 years 

of age or older, had a confirmed medical diagnosis of type 2 

diabetes for at least one year, were able to read and 

understand Spanish, and provided informed consent to 

participate. Patients were excluded if they had type 1 

diabetes, gestational diabetes, severe cognitive impairment, 

acute psychiatric symptoms, advanced renal failure 

requiring dialysis, active cancer treatment, or incomplete 

responses on the main outcome measure. The final analytical 

sample included 462 participants after screening for 

eligibility and completeness of data. Participation was 

voluntary, and all participants were informed about the 

objectives of the study, confidentiality of responses, and 

their right to withdraw at any stage without any effect on 

their medical care.  

2.2. Measures 

Health-related quality of life was assessed using the 36-

Item Short Form Health Survey, which is one of the most 

widely used standardized instruments for evaluating 

perceived physical and mental health status in clinical and 

community populations. The questionnaire includes 36 

items covering eight dimensions of health-related quality of 

life: physical functioning, role limitations due to physical 

health problems, bodily pain, general health perceptions, 

vitality, social functioning, role limitations due to emotional 

problems, and mental health. Scores for each domain were 

transformed to a scale ranging from 0 to 100, with higher 

scores indicating better perceived health-related quality of 

life. In the present study, the total health-related quality of 

life score was used as the primary outcome variable for 

predictive modeling, while the physical and mental 

component-related domains were also examined 

descriptively. The Spanish version of the instrument has 

been used extensively in chronic disease populations, 

including patients with diabetes, and its validity and 

reliability have been confirmed in previous studies. In the 

present study, internal consistency was examined using 

Cronbach’s alpha before inclusion of the scale score in the 

predictive model. 

Diabetes-related clinical information was collected using 

a structured clinical information form developed for this 

study based on routine diabetes care indicators. This form 

included duration of diabetes, age at diagnosis, type of 

pharmacological treatment, insulin use, number of diabetes-

related medications, presence of hypertension, dyslipidemia, 

obesity, cardiovascular disease, neuropathy, retinopathy, 

nephropathy, history of hospitalization due to diabetes 

complications, and frequency of medical follow-up. Recent 

glycated hemoglobin values were extracted from medical 

records when available, and when the most recent laboratory 

result was older than three months, patients were asked to 

provide updated laboratory information from their treating 

clinic. Body mass index was calculated using measured or 

clinically recorded weight and height. These clinical 

variables were included because health-related quality of life 

in type 2 diabetes is influenced not only by glycemic control 

but also by disease duration, treatment burden, comorbid 

conditions, and diabetes-related complications. 

Diabetes self-management behaviors were assessed using 

the Summary of Diabetes Self-Care Activities measure. This 

instrument evaluates the frequency of self-care behaviors 

during the previous seven days and includes items related to 

general diet, specific diet, physical activity, blood glucose 

monitoring, foot care, and medication adherence. Responses 

are typically scored according to the number of days per 

week on which the patient performed each self-care activity, 

with higher scores indicating greater engagement in diabetes 

self-management. For the purposes of the present study, 

domain scores were calculated for dietary behavior, physical 

activity, glucose monitoring, foot care, and medication 

adherence. The Spanish version of the instrument has 

demonstrated acceptable psychometric properties in diabetes 

populations, and its validity and reliability have been 

supported in previous research. In this study, self-care 

domain scores were treated as candidate predictors in the 

machine-learning model. 

Psychological distress was measured using the 

Depression, Anxiety, and Stress Scale-21. This self-report 

instrument consists of 21 items distributed across three 

subscales: depression, anxiety, and stress. Each item is rated 

on a four-point scale based on the extent to which the 

respondent experienced the symptom during the previous 

week. Higher scores indicate greater psychological distress. 

Because emotional distress may reduce perceived quality of 

life and interfere with diabetes self-management, 
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depression, anxiety, and stress scores were included as 

psychological predictors in the model. The Spanish version 

of the scale has shown acceptable construct validity and 

internal consistency in adult and clinical populations. In the 

present study, subscale scores were calculated separately and 

entered into the analysis as continuous variables. 

Sociodemographic and lifestyle characteristics were 

measured using a researcher-developed demographic 

questionnaire. This questionnaire included age, sex, marital 

status, educational level, employment status, monthly 

household income, place of residence, health insurance 

status, smoking status, alcohol use, sleep duration, perceived 

social support, and regular physical activity. These variables 

were selected because health-related quality of life among 

patients with type 2 diabetes may be affected by social 

position, access to care, lifestyle conditions, and everyday 

health behaviors. All questionnaires were administered in 

Spanish by trained research assistants in a private setting at 

the participating clinics. When necessary, items were read 

aloud to participants with limited literacy, while care was 

taken to avoid influencing responses. 

2.3. Data Analysis 

Data analysis was conducted in several stages. First, the 

dataset was inspected for missing values, outliers, 

inconsistent responses, and distributional characteristics. 

Participants with missing values on the main health-related 

quality of life outcome were excluded from the analysis. For 

predictor variables, missing values were handled using 

median imputation for continuous variables and mode 

imputation for categorical variables when the proportion of 

missingness was low. Continuous predictors were examined 

using means, standard deviations, medians, and ranges, 

while categorical predictors were summarized using 

frequencies and percentages. Although Random Forest 

models do not require normal distribution of predictors, 

descriptive statistics were used to understand the sample 

profile and identify implausible values before model 

development. Categorical variables were dummy coded 

where necessary, and all variables were prepared in a single 

analytic dataset. 

The primary predictive analysis was performed using a 

Random Forest regression model, with the total health-

related quality of life score as the dependent variable. 

Candidate predictors included sociodemographic 

characteristics, diabetes duration, glycated hemoglobin, 

body mass index, treatment type, insulin use, diabetes-

related complications, comorbidities, self-care behaviors, 

depression, anxiety, stress, sleep duration, smoking status, 

and physical activity. The dataset was randomly divided into 

training and testing subsets, with 80% of the sample used for 

model training and 20% used for model evaluation. To 

reduce overfitting and improve model generalizability, 

hyperparameters were tuned using repeated k-fold cross-

validation within the training set. The main hyperparameters 

considered during tuning included the number of trees, 

maximum tree depth, minimum number of samples required 

to split a node, minimum number of samples required at a 

leaf node, and the number of predictors randomly selected at 

each split. Model performance was evaluated in the testing 

dataset using the coefficient of determination, root mean 

square error, mean absolute error, and mean squared error. 

To interpret the Random Forest model, SHAP analysis 

was applied to estimate the contribution of each predictor to 

the model’s predictions. SHAP values were calculated to 

determine both global feature importance and the direction 

of each variable’s influence on predicted health-related 

quality of life. Global importance was assessed by ranking 

predictors according to their mean absolute SHAP values, 

indicating the average magnitude of each feature’s 

contribution to the prediction. SHAP summary plots and 

dependence patterns were used analytically to examine 

whether higher or lower values of key predictors were 

associated with higher or lower predicted quality of life. This 

approach was selected because Random Forest models are 

highly flexible and can capture nonlinear relationships and 

interactions, but they are less directly interpretable than 

conventional regression models. SHAP analysis therefore 

provided an interpretable explanation of the model by 

showing how clinical, behavioral, psychological, and 

demographic variables contributed to individual and overall 

predictions. All analyses were conducted using standard 

statistical and machine-learning procedures, and statistical 

reporting focused on predictive accuracy, ranking of 

influential features, and interpretation of the most important 

predictors of health-related quality of life among patients 

with type 2 diabetes. 

3. Findings and Results 

A total of 462 patients with type 2 diabetes were included 

in the final analysis. The mean age of the participants was 

58.36 years with a standard deviation of 10.42 years, 

indicating that the sample mainly consisted of middle-aged 

and older adults receiving routine diabetes care. Of the total 
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participants, 255 patients were female, representing 55.2% 

of the sample, and 207 patients were male, representing 

44.8%. Regarding marital status, 298 participants, equal to 

64.5%, were married or living with a partner, while 164 

participants, equal to 35.5%, were single, widowed, 

separated, or divorced. In terms of education, 107 

participants, equal to 23.2%, had completed primary 

education or less, 158 participants, equal to 34.2%, had 

completed secondary education, 87 participants, equal to 

18.8%, had completed technical or vocational education, and 

110 participants, equal to 23.8%, had university-level 

education. With respect to employment status, 178 

participants, equal to 38.5%, were employed, 153 

participants, equal to 33.1%, were retired, 91 participants, 

equal to 19.7%, were homemakers, and 40 participants, 

equal to 8.7%, were unemployed at the time of data 

collection. Most participants reported having some form of 

health insurance coverage, with 399 patients, equal to 

86.4%, reporting public or private health insurance and 63 

patients, equal to 13.6%, reporting no regular insurance 

coverage. Participants were recruited from three major urban 

clinical settings in Mexico, including 187 patients from 

Mexico City, 145 patients from Guadalajara, and 130 

patients from Monterrey, corresponding to 40.5%, 31.4%, 

and 28.1% of the sample, respectively. Overall, the 

demographic profile of the sample showed adequate 

variability in age, sex, education, employment, and place of 

recruitment, which provided a suitable basis for examining 

the predictive contribution of sociodemographic, clinical, 

behavioral, and psychological variables to health-related 

quality of life. 

Table 1 

Clinical, Behavioral, Psychological, and Health-Related Quality of Life Characteristics of the Participants 

Variable Mean ± SD or n (%) Minimum–Maximum 

Duration of type 2 diabetes, years 9.28 ± 6.31 1–32 

Age at diagnosis, years 49.08 ± 9.87 28–74 

Glycated hemoglobin, HbA1c (%) 8.14 ± 1.72 5.60–13.90 

Body mass index, kg/m² 29.84 ± 5.18 20.10–44.70 

Number of diabetes-related medications 2.04 ± 0.91 1–5 

Number of comorbid conditions 1.63 ± 1.07 0–5 

Number of diabetes-related complications 1.08 ± 1.12 0–5 

Insulin use 160 (34.6%) — 

Oral antidiabetic medication use 361 (78.1%) — 

Hypertension 263 (56.9%) — 

Dyslipidemia 228 (49.4%) — 

Diabetic neuropathy 131 (28.4%) — 

Diabetic retinopathy 80 (17.3%) — 

Diabetic nephropathy 56 (12.1%) — 

History of diabetes-related hospitalization 72 (15.6%) — 

General diet self-care, days per week 4.42 ± 1.61 0–7 

Physical activity self-care, days per week 3.11 ± 1.94 0–7 

Blood glucose monitoring, days per week 3.86 ± 2.17 0–7 

Foot care behavior, days per week 3.29 ± 2.08 0–7 

Medication adherence, days per week 5.92 ± 1.49 0–7 

Depression score 13.76 ± 8.34 0–39 

Anxiety score 10.92 ± 7.51 0–34 

Stress score 15.44 ± 8.09 0–40 

Sleep duration, hours per night 6.38 ± 1.31 3–10 

Total health-related quality of life score 57.84 ± 16.22 18.40–94.70 

Physical component-related quality of life 55.18 ± 17.36 14.20–96.10 

Mental component-related quality of life 60.23 ± 16.91 16.80–97.40 

 

As shown in Table 1, the participants had lived with type 

2 diabetes for an average of 9.28 years, suggesting that a 

considerable proportion of the sample had experienced 

diabetes as a long-term chronic condition. The mean HbA1c 

value was 8.14%, indicating that, on average, glycemic 

control was above the commonly recommended clinical 

target for many adults with type 2 diabetes. The mean body 

mass index was 29.84 kg/m², showing that the average 
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participant was close to the obesity threshold, which is 

clinically relevant because excess body weight may intensify 

diabetes-related burden and reduce physical aspects of 

quality of life. More than half of the participants had 

hypertension, and nearly half had dyslipidemia, indicating a 

high burden of cardiometabolic comorbidity. Among 

diabetes-related complications, neuropathy was the most 

frequently reported complication, followed by retinopathy 

and nephropathy. In terms of self-care behaviors, medication 

adherence showed the highest mean score, whereas physical 

activity and foot care behaviors had comparatively lower 

mean scores. This pattern suggests that patients were more 

consistent in pharmacological self-management than in 

lifestyle-related or preventive self-care activities. 

Psychological distress scores also showed considerable 

variability, with depression, anxiety, and stress symptoms 

present at different levels across the sample. The mean total 

health-related quality of life score was 57.84 out of 100, 

reflecting a moderate level of perceived quality of life, with 

the physical component score slightly lower than the mental 

component score. This finding indicates that physical 

limitations, treatment burden, diabetes complications, and 

comorbid conditions may have had a stronger adverse effect 

on perceived functioning than emotional and social domains 

for many participants. 

Table 2 

Predictive Performance of the Final Random Forest Regression Model 

Model Evaluation Stage R² RMSE MAE MSE 

Training set 0.941 3.89 2.85 15.13 

Repeated k-fold cross-validation 0.721 8.55 6.68 73.10 

Out-of-bag estimation 0.704 8.83 6.91 77.97 

Independent testing set 0.735 8.34 6.49 69.56 

 

Table 2 presents the predictive performance of the final 

Random Forest regression model for estimating health-

related quality of life among patients with type 2 diabetes. 

The dataset was divided into a training set and an 

independent testing set, with 370 participants included in 

model training and 92 participants retained for final model 

evaluation. The model demonstrated very strong fit in the 

training set, with an R² value of 0.941, indicating that the 

Random Forest algorithm captured a large proportion of the 

variance in health-related quality of life during model 

development. However, because training performance alone 

may overestimate model accuracy, cross-validation, out-of-

bag estimation, and independent testing performance were 

used to evaluate generalizability. The repeated k-fold cross-

validation results showed an R² value of 0.721, while the 

out-of-bag estimate produced an R² value of 0.704. These 

results suggest that the model retained stable predictive 

performance when evaluated on observations not directly 

used for each tree-building process. In the independent 

testing set, the model achieved an R² value of 0.735, an 

RMSE of 8.34, an MAE of 6.49, and an MSE of 69.56. This 

means that the final model explained approximately 73.5% 

of the variance in health-related quality of life among unseen 

participants, with an average absolute prediction error of 

approximately 6.49 points on the 0–100 quality-of-life scale. 

The relatively close correspondence between cross-

validation, out-of-bag, and testing results indicates that the 

model was not merely memorizing the training data and had 

acceptable generalization capacity. Although the difference 

between training and testing performance reflects the 

expected optimism of a flexible ensemble model, the testing 

results support the usefulness of Random Forest regression 

for predicting health-related quality of life in patients with 

type 2 diabetes. 

Table 3 

Prediction Error of the Random Forest Model Across Observed Health-Related Quality of Life Levels in the Testing Set 

Observed HRQoL Level in Testing Set n Observed HRQoL Mean ± SD Predicted HRQoL Mean ± SD MAE RMSE Prediction Bias 

Low HRQoL, <50 31 39.91 ± 7.22 42.76 ± 8.04 6.98 8.75 +2.85 

Moderate HRQoL, 50–69 43 59.72 ± 5.58 58.94 ± 6.37 5.73 7.49 -0.78 

High HRQoL, ≥70 18 77.64 ± 6.11 73.06 ± 7.28 7.41 9.34 -4.58 

Total testing set 92 57.96 ± 15.83 57.41 ± 13.97 6.49 8.34 -0.55 
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Table 3 shows the performance of the Random Forest 

model across clinically meaningful levels of observed 

health-related quality of life in the independent testing set. 

The model performed most accurately among participants 

with moderate health-related quality of life, where the MAE 

was 5.73 and the RMSE was 7.49. This suggests that the 

model was especially effective in predicting quality-of-life 

scores for patients located near the center of the outcome 

distribution. Among participants with low health-related 

quality of life, the model produced a positive prediction bias 

of +2.85, indicating that it slightly overestimated quality of 

life for patients with poorer perceived health status. In 

contrast, among participants with high health-related quality 

of life, the model produced a negative prediction bias of -

4.58, indicating that it slightly underestimated quality of life 

for patients with better perceived health status. This pattern 

is common in regression-based machine-learning models, 

particularly when extreme outcome values are less frequent 

than moderate values, because predictions tend to move 

toward the central tendency of the training data. 

Nevertheless, the total testing-set bias was only -0.55, 

indicating that the model did not show substantial overall 

systematic underprediction or overprediction. The results 

demonstrate that while the model had acceptable predictive 

accuracy across all quality-of-life levels, its strongest 

performance was observed for participants with moderate 

health-related quality of life, and slightly larger errors 

occurred at the lower and upper ends of the outcome 

distribution. 

Table 4 

SHAP-Based Global Feature Importance for the Final Random Forest Model 

Rank Predictor Mean Absolute SHAP Value Direction of Association With Predicted HRQoL 

1 Depression score 4.86 Higher depression predicted lower HRQoL 

2 Glycated hemoglobin, HbA1c 3.94 Higher HbA1c predicted lower HRQoL 

3 Number of diabetes-related complications 3.62 More complications predicted lower HRQoL 

4 Physical activity self-care 3.28 More frequent physical activity predicted higher HRQoL 

5 Duration of type 2 diabetes 2.74 Longer duration predicted lower HRQoL 

6 Body mass index 2.36 Higher body mass index predicted lower HRQoL 

7 Stress score 2.18 Higher stress predicted lower HRQoL 

8 Medication adherence 1.96 Higher adherence predicted higher HRQoL 

9 Sleep duration 1.84 Adequate sleep predicted higher HRQoL 

10 Age 1.62 Older age generally predicted lower HRQoL 

11 Hypertension 1.45 Presence of hypertension predicted lower HRQoL 

12 Anxiety score 1.36 Higher anxiety predicted lower HRQoL 

13 Foot care behavior 1.24 More frequent foot care predicted higher HRQoL 

14 Monthly household income 1.12 Higher income predicted higher HRQoL 

15 Insulin use 1.03 Insulin use predicted lower HRQoL 

Table 4 presents the SHAP-based global feature 

importance results for the final Random Forest model. 

Among all predictors, depression score had the largest mean 

absolute SHAP value, indicating that depressive symptoms 

made the strongest contribution to model predictions of 

health-related quality of life. Higher depression scores 

consistently shifted predicted quality-of-life values 

downward, suggesting that psychological distress was one of 

the central determinants of poor perceived health status 

among patients with type 2 diabetes. HbA1c was the second 

most influential predictor, and higher glycemic values were 

associated with lower predicted quality of life, reflecting the 

clinical relevance of glycemic control in perceived physical 

and general health. The number of diabetes-related 

complications ranked third, showing that accumulated 

complication burden was strongly associated with reduced 

quality of life. Physical activity self-care ranked fourth and 

was the most influential positive behavioral predictor, 

indicating that participants who reported more frequent 

physical activity tended to receive higher predicted quality-

of-life scores. Duration of diabetes, body mass index, stress, 

age, hypertension, anxiety, and insulin use were also 

associated with lower predicted health-related quality of life, 

whereas medication adherence, adequate sleep duration, foot 

care behavior, and higher household income were associated 

with higher predicted values. These results show that health-

related quality of life among patients with type 2 diabetes 

was not predicted by a single clinical factor, but by a 

multidimensional combination of psychological distress, 

glycemic control, complication burden, self-care behavior, 
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cardiometabolic risk, and socioeconomic conditions. The 

SHAP findings also clarify that psychological variables, 

especially depression and stress, were not secondary 

predictors; rather, they had a major role in the model’s 

predictive structure alongside biomedical indicators. 

Figure 1 

SHAP Summary Plot of the Final Random Forest Model for Predicting Health-Related Quality of Life Among Patients With Type 2 Diabetes 

 

The SHAP summary plot visually confirmed the ranking 

and direction of the most influential predictors identified in 

the global feature importance analysis. In the figure, 

predictors with wider horizontal dispersion contributed more 

strongly to variation in predicted health-related quality of 

life, whereas predictors with narrower distributions had 

smaller effects on model output. Depression score showed 

the widest distribution of SHAP values, confirming its 

dominant role in predicting health-related quality of life. 

High depression scores were concentrated on the negative 

side of the SHAP axis, showing that greater depressive 

symptoms reduced predicted quality-of-life values. 

Similarly, higher HbA1c levels and a greater number of 

diabetes-related complications were mainly located on the 

negative side of the plot, indicating that poor glycemic 

control and higher complication burden lowered predicted 

health-related quality of life. In contrast, higher levels of 

physical activity self-care and medication adherence were 

generally located on the positive side of the SHAP axis, 

demonstrating their beneficial contribution to predicted 

quality-of-life scores. The plot also revealed nonlinear 

patterns for some variables. For example, sleep duration 

showed a positive contribution primarily when participants 

reported adequate sleep, whereas very short sleep duration 

contributed negatively to predicted health-related quality of 

life. Body mass index and diabetes duration also showed 

stronger negative SHAP values at higher levels, suggesting 

that the adverse effect of these variables became more 

pronounced as metabolic and disease-duration burden 

increased. Overall, the SHAP summary plot provided an 

interpretable explanation of the Random Forest model by 

showing how individual predictors shifted model predictions 

upward or downward and by demonstrating that reduced 

quality of life was most strongly associated with depressive 
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symptoms, poor glycemic control, accumulated diabetes 

complications, insufficient self-care behavior, and higher 

cardiometabolic burden. 

4. Discussion 

The present study aimed to predict health-related quality 

of life among patients with type 2 diabetes in Mexico using 

a Random Forest model and SHAP-based feature 

importance analysis. The findings showed that the 

participants had a moderate level of health-related quality of 

life, with a mean total score of 57.84 out of 100, while 

physical component-related quality of life was slightly lower 

than mental component-related quality of life. Clinically, the 

sample demonstrated a considerable burden of diabetes-

related risk, including elevated mean HbA1c, high body 

mass index, long disease duration, frequent hypertension and 

dyslipidemia, and a notable prevalence of neuropathy, 

retinopathy, and nephropathy. From a predictive 

perspective, the Random Forest model demonstrated 

acceptable and clinically meaningful performance, 

explaining 73.5% of the variance in health-related quality of 

life in the independent testing set. The relatively similar 

results obtained from repeated cross-validation, out-of-bag 

estimation, and testing-set evaluation indicate that the model 

had adequate generalizability and was not limited to 

memorizing the training data. The SHAP analysis further 

clarified the internal structure of the model and showed that 

depression score, HbA1c, number of diabetes-related 

complications, physical activity self-care, duration of 

diabetes, body mass index, stress score, medication 

adherence, sleep duration, age, hypertension, anxiety, foot 

care behavior, household income, and insulin use were the 

most influential predictors of health-related quality of life. 

This finding supports the view that quality of life in type 2 

diabetes is not determined by one isolated clinical indicator 

but by the combined and nonlinear influence of 

psychological, metabolic, behavioral, complication-related, 

and socioeconomic variables. 

The most important predictor in the SHAP analysis was 

depression score, indicating that higher depressive 

symptoms contributed strongly to lower predicted health-

related quality of life. This result is theoretically and 

clinically coherent because depression can reduce energy, 

impair self-management motivation, intensify the perception 

of physical symptoms, disturb sleep, weaken treatment 

adherence, and increase social withdrawal. Previous 

evidence has emphasized the high prevalence of depression 

among patients with type 2 diabetes and has shown that 

depressive symptoms are a major psychosocial burden in this 

population (Algaows et al., 2021). The present finding 

extends this line of evidence by showing that depression was 

not merely associated with health-related quality of life but 

was the strongest predictor in a nonlinear machine-learning 

model that simultaneously included clinical, behavioral, and 

demographic variables. This suggests that psychological 

distress may have a central role in explaining why patients 

with similar levels of glycemic control or disease duration 

experience different levels of perceived health. The 

importance of stress and anxiety in the SHAP ranking further 

confirms that emotional functioning is a core dimension of 

diabetes outcomes. In this regard, diabetes care should not 

be restricted to biomedical monitoring alone, because 

emotional symptoms may directly reduce quality of life and 

indirectly worsen self-care behavior, treatment continuity, 

and perceived disease control. 

HbA1c was the second most influential predictor in the 

model, and higher HbA1c values were associated with lower 

predicted health-related quality of life. This finding is 

consistent with the clinical assumption that poor glycemic 

control increases symptom burden, accelerates 

complications, and raises the likelihood of adverse 

outcomes. Evidence from patients with coronary heart 

disease and type 2 diabetes has shown that baseline HbA1c 

has important implications for adverse outcomes, supporting 

the role of glycemic control as a central prognostic indicator 

(Tang et al., 2024). The present finding adds that HbA1c is 

also highly relevant to patient-centered outcomes, not only 

to biomedical endpoints. This is important because patients 

may experience poor glycemic control through fatigue, 

polyuria, sleep disturbance, worry about complications, 

dietary restriction, and the perceived failure of disease 

management. The model also identified the number of 

diabetes-related complications as the third most influential 

predictor. This result is strongly aligned with previous 

research on diabetic nephropathy, cardiovascular risk, 

retinopathy, sarcopenia-related vulnerability, and other 

complication pathways in type 2 diabetes (Ali et al., 2024; 

Dai & Xu, 2022; Deepa et al., 2021; Elshafae et al., 2020; 

Mansour et al., 2023; Ramadevi & Sunitha, 2025). Together, 

HbA1c and complication burden indicate that objective 

clinical deterioration is closely connected to subjective 

health status, especially when complications reduce 

mobility, vision, independence, sexual functioning, and 

physical comfort. 
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The role of comorbid and systemic complications in the 

present model also supports the interpretation that health-

related quality of life is shaped by the whole disease burden 

rather than diabetes alone. Hypertension and body mass 

index were among the important predictors, and both were 

associated with lower predicted quality of life. This finding 

is compatible with evidence indicating that cardiometabolic 

risk factors and vascular complications are prominent 

concerns in type 2 diabetes (Mouriño-Álvarez et al., 2021; 

Rabizadeh et al., 2021). Similarly, studies on genetic 

susceptibility, insulin resistance, inflammatory pathways, 

and type 2 inflammatory biomarkers show that chronic 

diseases often involve complex biological mechanisms that 

may influence long-term functioning and perceived health 

(Fujita & Inagaki, 2021; Maes et al., 2020; Oishi et al., 2020; 

Sabry et al., 2020). Although these studies vary in disease 

focus and methodology, they support the broader principle 

that metabolic and inflammatory vulnerability may 

contribute to functional impairment and health deterioration. 

The inclusion of insulin use among the important predictors 

may also reflect disease severity and treatment complexity 

rather than the effect of insulin itself. Patients requiring 

insulin often have longer disease duration, poorer glycemic 

history, or more advanced metabolic impairment, which may 

explain why insulin use contributed to lower predicted 

quality of life in the model. 

Physical activity self-care emerged as the strongest 

positive behavioral predictor of health-related quality of life. 

Participants who reported more frequent physical activity 

had higher predicted quality-of-life scores, suggesting that 

movement-related self-care may improve physical 

functioning, energy, weight control, psychological well-

being, and perceived disease mastery. This result aligns with 

evidence showing that self-care practices, treatment 

satisfaction, and quality of life are interrelated among 

patients with type 2 diabetes (Banstola et al., 2022). Health 

literacy and self-care behaviors have also been shown to 

influence health-related quality of life, indicating that 

patients who are better able to understand and apply health 

information may experience better subjective health 

outcomes (Gaffari-fam et al., 2020). Structured diabetes 

education further supports self-management by improving 

patient knowledge, behavioral competence, and confidence 

in disease control (Chowdhury, 2022). In the present study, 

medication adherence and foot care behavior also 

contributed positively to predicted quality of life, although 

their relative importance was lower than physical activity. 

This pattern may indicate that lifestyle behaviors capable of 

improving both physical and psychological functioning have 

broader quality-of-life effects than behaviors limited to 

treatment compliance alone. Nevertheless, medication 

adherence and preventive foot care remain clinically 

important because they reduce complication risk and support 

continuity of diabetes management. 

Sleep duration was also identified as an important 

predictor in the SHAP analysis, with adequate sleep 

contributing positively to predicted quality of life and shorter 

sleep contributing negatively. This finding is consistent with 

evidence that sleep deprivation in adults with type 2 diabetes 

has negative consequences for metabolic regulation, 

emotional stability, and daily functioning (Woods et al., 

2023). Sleep problems may worsen fatigue, appetite 

regulation, insulin resistance, mood symptoms, and self-care 

capacity, thereby influencing both clinical outcomes and 

subjective well-being. The nonlinear pattern observed for 

sleep duration is especially important because sleep may not 

function as a simple linear predictor; very short sleep may 

be harmful, while adequate sleep may be protective, and 

excessive sleep may reflect underlying illness or depression. 

The model also identified monthly household income as a 

positive predictor of quality of life, which suggests that 

socioeconomic resources may shape access to medication, 

nutritious food, transportation, follow-up care, glucose 

monitoring supplies, and opportunities for physical activity. 

In addition, perceived support and family involvement are 

likely to influence diabetes control and coping capacity, as 

previous work has shown that perceived family support is 

associated with diabetes control among adults with type 2 

diabetes (Emeka et al., 2022). These findings reinforce the 

need to interpret diabetes outcomes within the patient’s 

social and household context. 

The predictive performance of the Random Forest model 

supports the value of machine learning for patient-centered 

outcomes in diabetes. Previous studies have demonstrated 

the usefulness of predictive supervised learning, data 

analysis, and ensemble approaches for diabetes 

classification and prediction (Prabakar et al., 2022; Roobini 

& Lakshmi, 2021; Simaiya et al., 2022). The present study 

extends this evidence by applying machine learning to 

health-related quality of life rather than only to diabetes 

diagnosis or classification. The use of SHAP analysis is 

particularly important because it provides transparency by 

identifying how variables contribute to model predictions. 

This is aligned with the growing application of artificial 

intelligence in diabetes-related complication prediction and 

risk stratification (Ferdosian et al., 2021). More broadly, 
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contemporary medical research increasingly emphasizes 

predictive modeling, personalized risk estimation, 

biomarkers, and algorithm-supported decision-making in 

different clinical domains (Wu et al., 2021; Zeinhom et al., 

2024). The present results suggest that explainable machine 

learning can be used not only to identify patients at higher 

biomedical risk but also to identify those at risk for poor 

quality of life, which is a clinically meaningful and patient-

centered outcome. 

The findings should also be interpreted in the context of 

digital health and evolving models of chronic disease 

management. Technology use among patients with diabetes 

may depend on underlying motives for adoption, perceived 

usefulness, and health behavior patterns (Csuka et al., 2025). 

Therefore, predictive models could become more useful if 

integrated into digital health systems that provide 

individualized feedback, risk alerts, or self-management 

recommendations. The importance of physical activity, 

medication adherence, sleep, and psychological distress in 

the present model suggests that future digital interventions 

should not be limited to glucose tracking but should include 

behavioral and mental health monitoring. Similar trends 

toward algorithmic management, outcome measurement, 

and individualized care are visible across chronic disease 

research, including chronic rhinosinusitis management and 

recent advances in outcome assessment (Fokkens, Corso, et 

al., 2024; Fokkens, Sedaghat, et al., 2024). Although these 

fields are clinically different from diabetes, they show a 

common movement toward structured algorithms, 

measurable outcomes, and tailored intervention pathways. 

Likewise, advances in biomedical innovation, including 

gene-editing strategies and biomarker-driven medicine, 

illustrate the broader shift toward precision approaches in 

health sciences (Suwito et al., 2023). For diabetes care, this 

means that patient-centered predictive models should 

eventually combine clinical indicators, biomarkers, 

behavior, psychosocial factors, and digital data streams. 

Several less direct references also help situate the present 

study within broader health-related quality-of-life and risk-

prediction research. The COVID-19 pandemic demonstrated 

that health-related quality of life is vulnerable to social 

disruption, reduced access to care, psychological stress, and 

changes in daily routine (Nshimirimana et al., 2023). For 

patients with type 2 diabetes, such contextual disruptions 

may intensify metabolic risk and reduce perceived well-

being. Research on gestational diabetes screening also 

highlights the importance of accurate risk identification and 

the limitations of relying only on simple risk-factor 

approaches (Olumodeji et al., 2021). In the present study, the 

Random Forest model addressed this issue by integrating 

multiple predictors rather than relying on a single screening 

criterion. Additionally, studies on testosterone levels, oral 

health, and diabetes-related physiological complications 

emphasize that type 2 diabetes affects domains that may not 

always be central in routine glycemic monitoring but may 

still influence quality of life (Mahwi & Hassan, 2022; 

Younes & Hamam, 2022). Therefore, the present findings 

support a biopsychosocial interpretation of diabetes-related 

quality of life and demonstrate that predictive models are 

most useful when they account for clinical severity, 

psychological distress, health behavior, social resources, and 

treatment burden simultaneously. 

5. Conclusion 

Taken together, the findings indicate that the Random 

Forest model achieved acceptable predictive accuracy for 

estimating health-related quality of life among patients with 

type 2 diabetes. The model explained a substantial 

proportion of variance in the independent testing set and 

maintained stable performance across cross-validation and 

out-of-bag evaluation. The SHAP-based interpretation 

demonstrated that psychological distress, especially 

depression, was the strongest predictor of reduced health-

related quality of life, followed by glycemic control, 

diabetes-related complications, physical activity self-care, 

duration of diabetes, body mass index, stress, medication 

adherence, sleep duration, and other clinical and 

socioeconomic variables. These findings suggest that health-

related quality of life in type 2 diabetes is shaped by the 

combined influence of emotional, biomedical, behavioral, 

and social factors. The results also show that machine-

learning approaches can provide clinically meaningful 

predictions while SHAP analysis can make the model 

interpretable by identifying the predictors that most strongly 

contribute to individual and overall quality-of-life estimates. 

6. Limitations & Suggestions 

This study had several limitations that should be 

considered when interpreting the findings. First, the cross-

sectional design prevents causal inference, meaning that the 

model could identify important predictors of health-related 

quality of life but could not determine whether these factors 

directly caused changes in quality of life over time. Second, 

several variables, including self-care behaviors, sleep 

duration, psychological distress, and some 
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sociodemographic characteristics, were assessed through 

self-report instruments, which may be affected by recall bias, 

social desirability, or inaccurate reporting. Third, although 

the sample included patients from major urban clinical 

settings in Mexico, the findings may not fully represent rural 

populations, uninsured patients, Indigenous communities, or 

patients with limited access to specialized diabetes care. 

Fourth, some potentially relevant predictors, such as dietary 

quality, pain intensity, health literacy subdomains, social 

support quality, medication side effects, healthcare access 

barriers, and objective physical activity data, were not 

included in the final model. Fifth, although SHAP analysis 

improved interpretability, it does not replace clinical 

judgment and should be understood as an explanatory 

method for model behavior rather than proof of biological 

causality. 

Future studies should use longitudinal designs to examine 

whether changes in depression, glycemic control, physical 

activity, sleep, medication adherence, and complication 

burden predict subsequent changes in health-related quality 

of life among patients with type 2 diabetes. Future research 

should also validate the present model in larger and more 

diverse samples, including patients from rural areas, 

different socioeconomic groups, primary care settings, and 

other Latin American countries. External validation is 

especially important before the model can be applied in 

clinical decision-making. Researchers should also compare 

Random Forest with other machine-learning approaches 

such as gradient boosting, XGBoost, support vector 

regression, neural networks, and regularized regression 

models to determine which methods provide the best balance 

between predictive accuracy and interpretability. In 

addition, future studies should include objective digital 

measures such as accelerometer-based activity, continuous 

glucose monitoring, sleep-tracking data, medication refill 

records, and electronic health record indicators. Qualitative 

studies may also be useful to understand how patients 

interpret quality of life, treatment burden, self-care 

expectations, and emotional distress in their own cultural 

and healthcare context. 

The findings suggest that healthcare providers should 

assess health-related quality of life as a routine component 

of type 2 diabetes care rather than focusing exclusively on 

laboratory markers. Screening for depression, stress, 

anxiety, sleep problems, physical inactivity, low medication 

adherence, and diabetes-related complications should be 

integrated into regular follow-up visits. Patients identified as 

having low predicted quality of life should receive 

multidisciplinary support, including psychological 

counseling, diabetes education, physical activity guidance, 

nutrition support, complication screening, and social 

assistance when needed. Clinicians should pay particular 

attention to patients with poor glycemic control, multiple 

complications, long disease duration, obesity, hypertension, 

and depressive symptoms, because these patients may be at 

higher risk of poor perceived health. The use of explainable 

machine-learning tools may help clinical teams prioritize 

patients who require more intensive follow-up and may 

support individualized care planning. However, such tools 

should be used as decision-support systems rather than 

replacements for professional judgment, patient dialogue, 

and shared decision-making. 
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