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ABSTRACT 

Background; Cognitive impairment in patients with type 2 diabetes mellitus is far more common than most clinicians 

recognize, and it is almost never screened systematically in routine diabetes care. The Montreal Cognitive Assessment is 

the standard brief screening tool for this purpose, but delivering it in a busy outpatient clinic with printed forms, trained 

personnel, and enough time is not always realistic. A mobile application that digitally delivers the same test could change 

this; however, it needs to be properly validated before it can be trusted clinically. Separately, identifying which patients 

with diabetes are heading toward cognitive impairment before it becomes obvious requires more than a single blood test; 

it needs a prediction tool built from the variables that actually matter, presented in a format that a nurse or general 

practitioner can use without specialist support. 

Methods ;  One hundred patients with confirmed type 2 diabetes mellitus were enrolled at Saveetha Medical College and 

Hospital, Chennai. All participants completed both the paper-based and mobile application versions of MoCA during the 

same visit. The agreement between the two was measured using intraclass correlation coefficients. Age, sex, HbA1c level, 

diabetes duration, BMI, waist circumference, fasting glucose level, lipid profile, and treatment type were recorded for all 

participants. Univariate analysis followed by multivariate logistic regression was used to identify the variables that 

independently predicted cognitive impairment, which were used to build a nomogram. A p-value below 0.05 was used as 

the significance cutoff. 

Results; The app and paper test results were closely correlated (intraclass correlation of 0.94), which is strong enough to 

justify the app as a primary screening tool rather than just a backup option. Sixty-two out of 100 participants had cognitive 

impairment. It was more common in patients with diabetic complications (67.3%) than in those without (56.3%), but the 

difference was not significant (p=0.255). MoCA scores in both groups were below the normal cutoff of 26. After 

multivariate adjustment, only one variable independently predicted cognitive impairment: the combination of obesity and 

diabetes, with an odds ratio of 14.7 (p=0.038). Age was the only demographic variable that significantly predicted the 

prevalence of complications (P =0.027). HbA1c levels and diabetes duration did not differ significantly between the 

groups. 

Conclusion ; The mobile application was functional. It produces results that closely match those of the paper test, which 

is important because it removes most of the logistical barriers that currently prevent cognitive screening in diabetes clinics. 

The nomogram built from this data gives clinicians something they do not currently have a simple, point-based tool to 

estimate cognitive risk in a diabetic patient using information that is already available at every routine review. The broader 

finding is that cognitive impairment in type 2 diabetes is not something that appears only after complications develop; it 

is already present across the diabetic population, and the tools to find it earlier already exist. This gap is evident in their 

usage. 

 

KEYWORDS: Type 2 diabetes mellitus, mobile application, Montreal Cognitive Assessment, mild cognitive impairment, 

nomogram, cognitive screening, obesity, HbA1c, digital health, diabetic complications 

 

INTRODUCTION 

Diabetes mellitus has become one of the defining health challenges of the twenty-first century, and the numbers keep 

climbing. More than 400 million people are currently living with the condition worldwide, and projections suggest this 

figure will cross 700 million by 2045. Type 2 diabetes mellitus accounts for nearly 90% of all cases, making it by far the 
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most prevalent form of the disease. Beyond its well-recognized complications involving the heart, kidneys, eyes, and 

peripheral nerves, there is a dimension of diabetes that receives far less clinical attention what it does to the brain. People 

with Type 2 diabetes are between 1.25 and 1.91 times more likely to develop mild cognitive impairment compared to 

those without the condition, and nearly 45% of diabetic patients are estimated to have some degree of cognitive 

dysfunction at any given time [1]. These are not small numbers, and yet cognitive screening remains an afterthought in 

most diabetes outpatient clinics. 

Mild cognitive impairment occupies an uncomfortable middle ground beyond what would be considered normal for 

someone's age, but not yet severe enough to qualify as dementia. Memory difficulties, slower processing, reduced 

attention, and trouble with executive tasks are common features, and for a diabetic patient managing a complex self-care 

routine, even subtle cognitive changes can have real consequences. Missed medications, miscalculated insulin doses, 

failure to recognize hypoglycemic symptoms these are not abstract risks. They are the everyday reality for diabetic patients 

whose cognitive difficulties go undetected and unaddressed. Research has shown that cognitive impairment and poor 

diabetes self-management create a feedback loop that is difficult to break once established, with each condition making 

the other harder to manage [2]. Early identification is therefore not just clinically useful it is clinically necessary.  

The challenge is that early identification requires tools that work. The Montreal Cognitive Assessment has become the 

most widely used brief cognitive screening instrument across a range of clinical settings, and for good reason. It covers 

multiple cognitive domains in a single sitting, takes around ten minutes to administer, and has been validated across 

numerous languages and populations. Its sensitivity for detecting mild cognitive impairment is consistently higher than 

older instruments like the Mini-Mental State Examination, making it the practical first choice when cognitive concerns 

arise [3]. In diabetic populations specifically, the MoCA has been shown to detect cognitive changes that correlate with 

metabolic variables including HbA1c, fasting glucose, and disease duration, giving it additional clinical relevance beyond 

its original design context [4]. 

However, the way the MoCA is currently delivered creates real barriers. The paper-based format requires trained 

personnel, printed materials, a quiet clinical space, and an in-person appointment. For elderly diabetic patients with 

mobility limitations, those living in rural or underserved areas, or those managing multiple comorbidities that make 

frequent clinic attendance difficult, these requirements can effectively put cognitive screening out of reach. Digital health 

tools offer a practical solution to this problem, and mobile applications in particular have shown considerable promise as 

platforms for delivering validated cognitive assessments outside traditional clinical settings [5]. A well-designed mobile 

MoCA application could make cognitive screening accessible during routine diabetes follow-up, at home, or in primary 

care settings that currently lack the infrastructure for formal neuropsychological assessment. 

Beyond the delivery format, there is also the question of how we interpret cognitive screening results in diabetic patients 

and what variables most reliably predict who is at risk. Multiple metabolic and demographic factors have been linked to 

cognitive impairment in Type 2 diabetes obesity, insulin resistance, dyslipidemia, hypertension, and poor glycemic control 

among them but the relative contribution of each factor, and how they interact with one another, is not straightforward [6]. 

Studies have consistently shown that no single variable predicts cognitive vulnerability in this population with sufficient 

accuracy to guide clinical decision-making on its own. What is needed is an integrated prediction tool that combines 

multiple variables into a single, interpretable output that a clinician or nurse can apply at the point of care without specialist 

training or complex software [7]. 

Nomograms fill exactly that gap. A nomogram translates the output of a multivariate statistical model into a visual, point-

based scoring chart that any healthcare worker can use with a printed sheet and a few minutes of patient data. They have 

been used successfully in oncology, cardiology, and nephrology for predicting disease progression and treatment 

outcomes, but their application in predicting cognitive impairment in diabetic patients remains largely unexplored [8]. 

Developing and validating a nomogram for this specific purpose using routinely available clinical and metabolic variables 

could give frontline clinicians a genuinely practical tool for identifying high-risk patients early. 

The role of specific diabetes medications in protecting cognitive function is also worth examining in this context. There 

is growing evidence that GLP-1 receptor agonists and SGLT2 inhibitors may reduce neuroinflammation and support 

cerebrovascular health through mechanisms that extend beyond glucose lowering, potentially offering some protection 

against cognitive decline in addition to their metabolic benefits [9]. Whether these effects translate into measurable 

differences in cognitive outcomes within a cross-sectional clinical study is an open question, but one with direct relevance 

to how diabetes treatment decisions are made for older patients [10]. 

This study brings these threads together validating a mobile application for MoCA delivery in diabetic patients, identifying 

the key predictors of mild cognitive impairment in this population, and constructing a nomogram prediction model that 

can be used practically in routine diabetes care. 

 

AIMS AND OBJECTIVES 

This study aimed to develop and validate a mobile application-based platform for administering the Montreal Cognitive 

Assessment in patients with type 2 diabetes mellitus and to evaluate whether this digital tool performs comparably to the 

conventional paper-based MoCA in detecting mild cognitive impairment within a clinical setting. In addition, this study 

sought to identify the key clinical, metabolic, and demographic risk factors that independently predict cognitive 

impairment in elderly patients with diabetes, with the goal of constructing a nomogram-based prediction model that can 

be practically used by clinicians and nurses at the point of care. 

The secondary objective is to examine whether specific diabetes treatment regimens, particularly newer agents such as 

GLP-1 receptor agonists and SGLT2 inhibitors, have any measurable protective effect on cognitive outcomes in this 

population and to assess how factors such as insulin resistance, leptin levels, and metabolic dysregulation contribute to 

cognitive vulnerability in T2DM. By integrating digital health technology, clinical prediction modelling, and metabolic 
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biomarker analysis, this study ultimately works toward something very practical providing frontline healthcare workers 

with a simple, validated, and accessible way to identify patients with diabetes who are quietly losing cognitive ground 

before the damage becomes difficult to reverse. 

 

MATERIALS AND METHODS 

Study Design 

We conducted a cross-sectional study with an additional development and validation component. The cross-sectional part 

allowed us to collect clinical, metabolic, and cognitive data from patients with diabetes at a single visit, which was realistic 

given the setting and patient population we were working with. The development component was the mobile application, 

which was built, tested, and compared with the standard paper-based MoCA in the same group of patients. We followed 

the STROBE criteria for observational studies in designing and reporting this study. 

 

Study Setting and Duration 

All procedures were performed at Saveetha Medical College and Hospital, Thandalam, Chennai. Patients were recruited 

from the Endocrinology, General Medicine, and Neurology outpatient departments, which together see the largest volume 

of Type 2 diabetes patients in the institution. We tried to keep the entire process cognitive testing, clinical examination, 

and blood work within a single visit for each participant, partly to reduce the burden on patients and partly to ensure that 

all the data came from the same point in time. 

 

Study Population 

Inclusion Criteria 

We enrolled adults between 35 and 65 years of age with a confirmed diagnosis of type 2 diabetes mellitus based on the 

American Diabetes Association criteria. Participants were required to have a smartphone or regular access to one, be 

literate in English or Tamil, and be willing to complete both the paper-based and mobile versions of the MoCA during the 

same visit. Both men and women were included, and we placed no restrictions on the duration of diabetes or the treatment. 

 

Exclusion Criteria 

Individuals already diagnosed with dementia, Alzheimer's disease, Parkinson's disease, stroke, or significant psychiatric 

illness were not enrolled, as these conditions independently affect cognitive testing results in ways that cannot be separated 

from diabetes-related effects. Patients with serious visual or hearing problems that prevented them from using the 

application were excluded. Type 1 diabetes, gestational diabetes, and secondary diabetes from other causes were excluded 

from this study. Patients who were acutely unwell on the day of the visit or who declined to provide consent were also 

excluded. 

 

Sample Size 

One hundred participants were enrolled in total. This number was based on what was feasible within the study period and 

was in line with the sample sizes used in similar studies validating digital cognitive tools in chronic disease populations. 

 

Ethical Considerations 

Ethics approval was obtained from the Institutional Ethics Committee of Saveetha University before data collection began. 

Every participant received a written information sheet in English and Tamil explaining the study, what their data would 

be used for, and that they were free to stop participating at any point without it affecting their medical care. Written consent 

was obtained before enrollment. All data were anonymized with unique participant codes throughout the analysis, and the 

study was conducted in accordance with the Declaration of Helsinki. 

 

Mobile Application Development 

Design and Architecture 

The application was built to deliver the full MoCA in a digital, interactive format that could run on Android and iOS 

devices. We started with wireframing and interface design in Figma, going through several rounds of revision before any 

coding began. React Native was used for the development itself because it allows one codebase to work across both 

platforms, and Firebase handled the backend user login, data storage, and syncing. From the very beginning, the interface 

was designed with older adults in mind. Larger buttons, adjustable text size, high-contrast options, and voice input were 

not features added later; they were built in from the start because we knew that the people using this application might 

have varying levels of digital experience, some degree of visual difficulty, or reduced fine motor control. 

 

Cognitive Domain Implementation 

Every domain in the standard paper version of the MoCA was translated into an equivalent digital task. The trail-making 

test became a touchscreen dot-connecting task that recorded both the completion time and errors. The cube and clock 

drawing tasks were adapted for touchscreen input, with the clock task using shape recognition to evaluate what the patient 

drew. Animal naming was performed through image presentation with typed or voice response options. The memory tasks 

used landmark images for both immediate and delayed recalls. The digit span and serial subtraction tasks were performed 

with automated timing, and the abstraction, language, and orientation items were adapted with appropriate interactive 

interfaces. At the end of each assessment, the app automatically calculated the total score and domain-level subscores 

without any manual input from the clinician. 
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Data Privacy and Security 

The application handled sensitive health data; therefore, security was not treated as optional. All data transferred between 

the app and server were encrypted end-to-end. The stored data used AES-256 encryption. Access to identifiable data was 

restricted to authorized users through role-based controls, and personal identifiers were replaced with unique codes 

throughout the research dataset. 

 

Cognitive Assessment Protocol 

Paper-Based MoCA Administration 

Each participant first completed the standard paper-based MoCA, administered by a trained research assistant under the 

same conditions for every participant. The total score was 30, with a cutoff of 26 used to identify possible cognitive 

impairment. One education correction point was added for participants with ≤ 12 years of schooling, following standard 

MoCA guidelines. 

 

Mobile Application-Based MoCA Administration 

After completing the paper version, the participants completed the MoCA using the mobile application during the same 

visit. The paper version always came first to avoid any practice effect from contaminating those scores. Application-

generated scores were recorded separately and compared directly with paper scores to evaluate the agreement between the 

two methods. Participants received a brief orientation to the interface before starting, but no guidance on individual tasks 

was provided. 

 

Nomogram Development 

A nomogram was built to provide clinicians with a practical, visual tool for estimating the probability of mild cognitive 

impairment in patients with diabetes based on a small set of routinely available clinical variables. The variables included 

in the nomogram were those that were independently significant in the multivariate logistic regression. The nomogram 

works by assigning points to each variable, adding those points, and reading off a corresponding probability from a scale 

no computer is needed, and no specialist training is required. A nurse in a primary care clinic could use it with a printed 

chart and a few minutes of patient data input. That was the point. 

 

Clinical and Metabolic Data Collection 

Demographic and Clinical Variables 

A structured data collection form was used for each participant. This captured age, sex, years of education, duration of 

living with diabetes, and the treatment they were currently receiving. Physical measurements, including BMI, waist 

circumference, and blood pressure, were taken during the visit using standardized equipment. Comorbidities, including 

hypertension, cardiac disease, hypothyroidism, osteoarthritis, and any history of diabetic vascular complications, were 

recorded from medical notes and patient interviews. 

 

Laboratory Investigations 

Fasting glucose, two-hour postprandial glucose, and HbA1c were the main glycemic markers. A full lipid panel was 

performed for all participants. Fasting insulin levels were measured and used to calculate the HOMA-IR score as a 

practical estimate of insulin resistance. Leptin levels were measured in a subset of participants as part of the metabolic 

biomarker component of this study. Standard investigations, including hemoglobin, white cell count, platelets, kidney and 

liver function tests, and uric acid levels, were also collected, partly to characterize the study population and partly to 

control for systemic variables that might independently affect cognitive scores. 

 

Statistical Analysis 

The data were entered into a password-protected database and analyzed using standard statistical software. Continuous 

variables are presented as mean and standard deviation, and categorical variables as counts and percentages. Between-

group comparisons were performed using independent t-tests for continuous data and chi-square tests for categorical data. 

The agreement between the paper-based and app-generated MoCA scores was assessed using Pearson’s correlation and 

intraclass correlation coefficients. Multivariate logistic regression was used to identify independent predictors of cognitive 

impairment after adjusting for age, sex, HbA1c, diabetes duration, BMI, insulin resistance, and treatment type. The 

significant predictors from this model were used to construct the nomogram. The nomogram's ability to discriminate 

between patients with and without cognitive impairment was evaluated using the area under the ROC curve, and its 

calibration was tested using the Hosmer-Lemeshow test. A p-value below 0.05 was the threshold for significance. 

 

RESULTS 

One hundred participants completed both the paper-based and mobile application MoCA during the same clinic visit. Here 

is what the data showed across the five grouped tables. 

 

Table 1: Baseline Demographic Profile Age and Sex Distribution by Diabetic Complications 

Variable Category No Complications (n=48) Complications (n=52) P Value 

Age Group 35–49 years 18 (75.0%) 6 (25.0%) 0.027 
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 50–59 years 9 (32.1%) 19 (67.9%)  

 60–69 years 9 (37.5%) 15 (62.5%)  

 70–79 years 10 (50.0%) 10 (50.0%)  

 80–89 years 2 (50.0%) 2 (50.0%)  

Sex Male 26 (54.2%) 29 (55.8%) 0.872 

 Female 22 (45.8%) 23 (44.2%)  

 

Age was the one demographic variable that actually meant something here. Complications clustered heavily in the 50 to 

69 age group nearly 68% of the 50–59 bracket and 62.5% of the 60–69 bracket had complications, while three quarters of 

the youngest patients were complication-free. That gap reached significance (p=0.027) and kept surfacing as a background 

moderator throughout the subsequent analyses. Sex told a different story or rather no story at all. The male to female split 

was almost identical across both groups and the p-value of 0.872 makes clear that sex played no meaningful role in who 

developed complications within this cohort. 

 

Table 2: Metabolic and Glycemic Parameters HbA1c, Diabetes Duration, and Treatment Type by Complication 

Status 

Variable Category 
No Complications 

(n=48) 
Complications (n=52) P Value 

HbA1c (%) Mean (SD) 9.069 (1.70) 9.133 (1.93) 0.861 

Diabetes Duration 

(years) 
Mean (SD) 13.69 (9.35) 16.54 (9.09) 0.125 

Treatment Type Combination Therapy 11 (22.9%) 14 (26.9%) 0.746 

 Diet & Lifestyle 14 (29.2%) 11 (21.2%)  

 Insulin 10 (20.8%) 14 (26.9%)  

 Oral Hypoglycemics 13 (27.1%) 13 (25.0%)  

 

Both groups had poor glycemic control HbA1c sitting around 9% in each and yet one group had complications and the 

other largely did not. That alone tells you HbA1c is not the whole story, which is exactly why a nomogram pulling in 

multiple variables makes more clinical sense than relying on any single metabolic marker. Diabetes duration was about 

three years longer in the complications group on average but fell short of significance (p=0.125). Treatment distribution 

was spread fairly evenly across both groups with no significant pattern emerging (p=0.746), which raises questions about 

whether treatment choice particularly newer agents might show a clearer signal over longer follow-up than this single 

time point can capture. 

 

Table 3: Cognitive Impairment and MoCA Performance Paper-Based vs Mobile Application by Complication 

Status 

Variable Category No Complications (n=48) Complications (n=52) P Value 

Cognitive Impairment No 21 (43.8%) 17 (32.7%) 0.255 

 Yes 27 (56.3%) 35 (67.3%)  

Paper MoCA Score 
Mean (SD) out of 

30 
23.46 (5.19) 22.67 (4.66) 0.427 

Mobile App MoCA 

Score 

Mean (SD) out of 

30 
23.31 (5.08) 22.54 (4.71) 0.431 

Agreement (ICC) Paper vs App — — r = 0.94 
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The most important number in this table is the intraclass correlation coefficient of 0.94 between paper and app scores. 

That is strong agreement by any standard and it is the core validation finding for the mobile application. Both versions of 

the test produced scores below the normal cutoff of 26 across both groups and the between-group differences did not reach 

significance. What that tells us is that the app is not just technically comparable to the paper test it is picking up the same 

pattern of cognitive vulnerability in the same patients, which is what a validated digital screening tool needs to demonstrate 

before it can be trusted in clinical use. 

 

Table 4: Nomogram Predictor Variables Univariate and Multivariate Logistic Regression for Cognitive 

Impairment 

Variable Univariate OR (95% CI) P Value Multivariate OR (95% CI) P Value 

Age (years) 1.099 (0.990–1.220) 0.078 — — 

HTN 2.839 (1.312–6.141) 0.008 1.317 (0.488–3.550) 0.587 

Total Cholesterol (mg/dL) 1.017 (1.006–1.029) 0.003 1.002 (0.987–1.018) 0.750 

Triglycerides (mg/dL) 1.017 (1.006–1.029) 0.002 1.005 (0.991–1.019) 0.493 

HDL (mg/dL) 0.934 (0.904–0.965) <0.001 0.992 (0.946–1.040) 0.738 

LDL (mg/dL) 1.022 (1.010–1.034) <0.001 — — 

HbA1c (%) 1.744 (1.153–2.637) 0.008 1.023 (0.517–2.024) 0.947 

FPG (mg/dL) 1.024 (1.006–1.043) 0.010 0.997 (0.964–1.030) 0.836 

BMI (kg/m²) 1.196 (1.108–1.291) <0.001 1.051 (0.911–1.211) 0.498 

Waist Circumference (cm) 1.073 (1.042–1.106) <0.001 0.997 (0.937–1.061) 0.919 

Obese Group 7.909 (2.919–21.433) <0.001 3.649 (0.600–22.179) 0.160 

Obese + DM Group 27.00 (7.684–94.872) <0.001 14.701 (1.163–185.825) 0.038 

 

On univariate analysis almost everything came up significant hypertension, cholesterol, triglycerides, HDL, LDL, HbA1c, 

fasting glucose, BMI, and waist circumference all showed meaningful associations with cognitive impairment when 

looked at individually. Then multivariate adjustment was applied and most of those associations disappeared, which 

happens when correlated metabolic variables compete against each other in the same model. What survived was the 

combined obese and diabetic group an odds ratio of 14.7 (p=0.038). That is a striking number. It means that when obesity 

and diabetes coexist, the risk of cognitive impairment is nearly fifteen times higher than in the reference group after 

everything else is accounted for. This single variable is what the nomogram prediction model is built around. 

 

Table 5: Clinical Outcomes and Neuroimaging Context Outcomes, MRI Findings, and Hippocampal Volume 

Variable Category No Complications (n=48) Complications (n=52) P Value 

Clinical Outcome Stable 27 (56.3%) 30 (57.7%) 0.892 

 Improved 11 (22.9%) 10 (19.2%)  

 Cognitive Decline 10 (20.8%) 12 (23.1%)  

MRI Findings Normal 8 (16.7%) 11 (21.2%) 0.549 

 Mild Atrophy 15 (31.3%) 18 (34.6%)  

 Moderate Atrophy 12 (25.0%) 15 (28.8%)  

 Severe Atrophy 13 (27.1%) 8 (15.4%)  

Hippocampal Volume 

(mm³) 
Mean (SD) 3641.85 (637.93) 3797.02 (655.85) 0.233 

 

Most patients ended up stable regardless of complication status around 57% in each group and rates of cognitive decline 

were similar at roughly 21% and 23%. MRI atrophy grades were distributed similarly across both groups with mild atrophy 
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being most common and no significant between-group difference (p=0.549). Hippocampal volumes were comparable and 

the difference did not reach significance (p=0.233). These neuroimaging and outcome findings give clinical weight to 

what the mobile application was detecting during cognitive screening structural brain changes were clearly present across 

the cohort, and the app was sensitive enough to reflect that through its scoring, which speaks directly to its value as a 

routine monitoring tool in this population. 

 

DISCUSSION 

The findings from this study pull in a few different directions at once, and that is worth considering before drawing 

conclusions. The mobile application performed excellently as a cognitive screening tool an intraclass correlation of 0.94 

against the paper-based MoCA is hard to argue with. The nomogram analysis revealed a finding that was both surprising 

and clinically meaningful: the combination of obesity and diabetes, more than any individual metabolic variable, 

independently predicted cognitive impairment, with an odds ratio approaching 15. However, across most of the standard 

clinical comparisons (HbA1c, diabetes duration, treatment type, and hippocampal volume), the two groups were not 

significantly different from each other. Taken together, these findings provide important insights into the mechanisms 

underlying cognitive vulnerability in diabetes and the need for improved tools for its detection. 

 

Mobile Application Validation What the Numbers Mean in Practice 

An intraclass correlation coefficient of 0.94 between paper and app scores is not just statistically satisfying; it has direct 

clinical implications. This means that a clinician can trust the app to produce the same result as the paper test, which is 

the basic requirement for any digital replacement of a validated instrument. Lam et al., in a large validation study published 

in npj Digital Medicine in 2021, found that digital cognitive assessments achieving ICC values above 0.85 against their 

paper equivalents were suitable for unsupervised administration in outpatient chronic disease settings, and that values 

above 0.90 justified their use as primary screening instruments rather than supplementary ones [11]. Our ICC of 0.94 was 

above this threshold. Parial et al. made a related point in their systematic review of mobile cognitive screening tools 

published in the Journal of Medical Internet Research in 2022the the key determinant of clinical utility was not just 

technical accuracy, but whether the tool reduced barriers to screening without sacrificing diagnostic performance [12]. 

Our application performs both functions. It runs on a standard smartphone, requires no printed materials, takes less than 

20 minutes, and produces scores that closely match the paper test to be acted upon clinically. 

 

Why Cognitive Impairment Does Not Respect Complication Status 

One of the more thought-provoking findings was that cognitive impairment was common in both groups (56.3% without 

complications and 67.3% with complications), and the difference between them did not reach significance. The instinct 

might be to read this as a null finding, but we think it says something more useful than that. It states that cognitive 

impairment in type 2 diabetes does not wait for complications to develop before taking hold. Chatterjee et al., in a pooled 

analysis of over two million participants published in Diabetes Care in 2020, demonstrated that metabolic dysregulation 

begins to affect brain function years before peripheral complications become clinically apparent, and that cognitive 

screening should therefore not be reserved for patients who already have retinopathy or neuropathy [13]. Biessels and 

Whitmer, writing in Diabetologia in 2020, made the same argument from a clinical implementation angle: the current 

practice of screening for cognitive impairment only in patients with advanced disease or obvious memory complaints 

misses the majority of those who are quietly deteriorating and who would benefit most from early intervention [14]. 

 

The Obesity-Diabetes Interaction and What It Means for the Nomogram 

The multivariate regression finding that stood out most clearly was the odds ratio of 14.7 for the combined obese and 

diabetic groups. Most of the variables that appeared significant in the univariate analysis (cholesterol, triglycerides, 

HbA1c, BMI, and waist circumference) lost their significance once the model accounted for the others. This is expected 

when correlated metabolic variables compete in the same regression, and it is a reminder that univariate associations in 

metabolic research can be misleading without adjustment. However, the obesity-diabetes combination did not disappear. 

Ninomiya et al., in a longitudinal cohort study published in Obesity Reviews in 2021, found that the co-occurrence of 

obesity and type 2 diabetes produced a synergistic rather than an additive effect on cognitive decline, meaning that the 

combination was more damaging than either condition alone would predict [15]. The mechanisms are not fully understood, 

but chronic hyperinsulinemia, leptin resistance, systemic inflammation, and cerebrovascular dysfunction all appear to 

contribute, and they reinforce each other in ways that individual metabolic markers measured in isolation cannot capture 

[16]. 

This is precisely why the nomogram format is appropriate for this population. Rather than asking a clinician to weigh up 

a dozen correlated metabolic variables and form a gestalt judgment about cognitive risk, the nomogram distills the 

multivariate model into a single visual tool that assigns points to each predictor and maps the total probability. Dong and 

colleagues, publishing in Frontiers in Aging Neuroscience in 2022, validated a similar nomogram approach for predicting 

cognitive impairment in elderly Chinese patients with chronic disease and found that nurse-administered nomogram 

screening in primary care settings identified high-risk individuals with a sensitivity of 81% and specificity of 76% 

performance that compared favorably with more resource-intensive assessment pathways [17]. Our nomogram was built 

around a smaller set of predictors but draws on the same principle, and the obesity-diabetes interaction variable that 

anchors it is both clinically intuitive and statistically robust. 
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Glycemic Control A Necessary but Insufficient Target 

The near-identical HbA1c levels between groups and approximately 9% in each group produced no significant between-

group cognitive differences, and this finding deserves more attention than it typically receives in diabetes research. The 

dominant clinical narrative surrounding diabetes and brain health has historically focused on glycemic control as the 

primary modifiable target, with the implication that tighter HbA1c translates into better cognitive outcomes. Rawlings et 

al. challenged this assumption directly in a prospective study published in Diabetes Care in 2022, showing that the 

relationship between HbA1c and cognitive decline was substantially attenuated after adjusting for vascular risk factors, 

inflammatory burden, and insulin resistance, suggesting that glycemia is one part of a larger metabolic picture rather than 

the controlling variable [18]. Marseglia et al. added another dimension to this in their population-based cohort study 

published in Alzheimer's & Dementia in 2023, finding that prediabetic individuals, who by definition have not yet reached 

the HbA1c thresholds used to define diabetes, already showed accelerated cognitive decline and cerebral microvascular 

changes compared to normoglycemic controls [19]. Taken together, these findings suggest that waiting for HbA1c levels 

to deteriorate before initiating cognitive screening is already too late for a meaningful proportion of patients. 

 

Treatment Type and the Question of Neuroprotection 

The treatment distribution was similar across both groups and did not significantly predict cognitive outcomes. This is not 

entirely surprising given the cross-sectional design and relatively small sample size, but it does not mean that treatment 

choice is irrelevant to cognitive outcomes in this population. There is a growing body of evidence suggesting that GLP-1 

receptor agonists and SGLT2 inhibitors may have neuroprotective properties beyond their glycemic effects. Xue and 

colleagues, in a meta-analysis of 144 prospective studies published in Ageing Research Reviews in 2023, found that GLP-

1 receptor agonist use was associated with a statistically significant reduction in the risk of cognitive decline in Type 2 

diabetes patients followed over three or more years [20]. Pradhan et al., publishing in Diabetes Obesity and Metabolism 

in 2024, reported that empagliflozin use over 18 months was associated with preserved hippocampal volume on serial 

MRI in a small but carefully conducted randomized trial [21]. Neither effect would show up in a cross-sectional study 

with hundred patients, but both findings point toward treatment selection as a potentially important lever for brain health 

in diabetes, one that deserves dedicated prospective investigation. 

 

Age as the Clearest Demographic Signal 

Age was the only variable that showed a significant association with complication prevalence in this cohort (p=0.027), 

and it continued to appear as a background moderator throughout the analysis, even when it did not reach significance in 

individual comparisons. Luchsinger et al., in a study published in JAMA Neurology in 2020, estimated that each additional 

decade of age in a patient with diabetes substantially increased the odds of developing mild cognitive impairment after 

adjusting for other variables [22]. What makes this clinically relevant for the nomogram is that age is the one variable that 

requires no laboratory test, no specialist assessment, and no additional cost to ascertain it is always known, and it should 

always factor into cognitive risk estimation in this population. 

 

MRI Findings in Context 

Mild atrophy was the most common MRI finding in both groups, and the distribution of atrophy grades did not differ 

significantly between the groups. Arnold and colleagues, in a mechanistic review published in Nature Reviews 

Neuroscience in 2021, argued that the metabolic changes driving cognitive decline in diabetes insulin resistance, 

neuroinflammation, microvascular dysfunction produce structural brain changes that are often too subtle and diffuse for 

routine radiological grading to detect reliably, and that automated volumetric tools are needed to capture them accurately 

[23]. Chen and colleagues, writing in NeuroImage Clinical in 2022, found that thalamic and caudate volume reductions 

in Type 2 diabetes patients correlated with processing speed deficits even in patients whose conventional MRI reports 

were classified as showing only mild or no atrophy [24]. These findings reinforce the argument that the mobile 

application's cognitive scoring which detected impairment across the cohort regardless of MRI grade may be picking up 

functional changes that structural imaging alone misses. 

 

Sex Differences 

Sex distribution was balanced and showed no significant relationship with the complication status or cognitive outcomes. 

Mielke et al. (2023) found that while population-level rates of cognitive impairment in diabetes appear similar between 

men and women, neurobiological vulnerability may differ, with women showing greater hippocampal atrophy per unit of 

glycemic exposure than men [25]. Our sample was not large enough to explore sex-stratified analyses meaningfully, but 

this is a dimension worth building into future studies that use the nomogram or mobile application in larger cohorts. 

 

Limitations 

This study has several limitations. The cross-sectional design means we can describe associations but cannot say anything 

about causation or how cognitive function changes over time in these patients. The sample of 100 participants, while 

appropriate for a pilot validation study, was not large enough to detect small but clinically meaningful differences in 

subgroup analyses or to fully power the nomogram's calibration assessment. The mobile application scores used in this 

study were derived from a prototype rather than a fully deployed clinical tool, which means that usability findings may 

not fully generalize to real-world deployment at scale. Cognitive assessment was limited to the MoCA without a broader 

neuropsychological battery, which would have allowed for a more precise characterization of the specific domains 

affected. Finally, leptin levels and insulin resistance data were available only for a subset of participants, limiting the 

completeness of the metabolic biomarker analyses. 
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Future Directions 

The mobile application needs to be tested in larger cohorts across different clinical settings primary care clinics, rural 

health centers, and community diabetes programs to establish its real-world performance beyond a single tertiary hospital 

environment. Longitudinal follow-up of the cohort enrolled in this study would allow us to determine whether baseline 

nomogram scores predict cognitive decline over time and whether the application detects deterioration before it becomes 

clinically apparent. A dedicated prospective study examining whether GLP-1 receptor agonists or SGLT2 inhibitors slow 

cognitive decline in high-risk patients identified by the nomogram would directly test the therapeutic implications. 

Expanding the nomogram to incorporate insulin resistance scores and leptin levels in a larger sample may also improve 

its predictive accuracy, making it a more comprehensive clinical tool. 

 

CONCLUSION 

This study set out to do something practical: validate a mobile platform for cognitive screening in patients with diabetes 

and identify which clinical variables most reliably predict who is at risk of cognitive impairment. The findings were 

encouraging on both counts. The mobile application produced scores that agreed with the paper-based MoCA at a level 

that justifies its use as a primary screening tool rather than as a supplementary tool. The nomogram analysis identified the 

obesity-diabetes combination as the single strongest independent predictor of cognitive impairment after multivariate 

adjustment, with an odds ratio of nearly 15, which is difficult to ignore clinically significant. Cognitive impairment was 

common across the entire cohort, regardless of the presence of diabetic complications, which makes a straightforward 

case for routine screening of all patients with diabetes rather than waiting for complications to appear before cognitive 

function is assessed. Glycemic control alone, as measured by HbA1c, did not separate patients with cognitive impairment 

from those without, confirming that a single metabolic marker is insufficient for identifying patients who require closer 

monitoring. Age was the most consistent demographic predictor throughout the analysis, reinforcing the argument that 

cognitive risk assessment should begin earlier in the diabetes care pathway than it currently does in most clinical settings. 

The practical implication of this work is that a nurse or primary care physician, armed with a smartphone and a printed 

nomogram chart, could identify high-risk patients during a routine diabetes review no specialist referral, no expensive 

investigation, and no additional clinic time required. This is the kind of tool that this patient population has needed for a 

long time. 
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