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Introduction: the comorbidity of diabetes and depression
Diabetes mellitus (DM) is a chronic medical condition in which the body cannot properly regulate glucose levels in the blood. In the long term, if uncontrolled, DM patients are at increased risks of developing complications including ischaemic heart disease, stroke, kidney failure, blindness, neuropathy, and death (1-3). It is estimated that 40% of DM patients have developed at least three comorbidities while majority have at least one comorbid chronic disease (4).
DM-related mental and psychological co-morbidities have become one of the major factors influencing healthcare costs (5). Several studies have demonstrated a link between diabetes and mental health problems (6, 7). A wide range of psychiatric disorders, including major depressive disorder, bipolar and related disorders, schizophrenia spectrum and other psychotic disorders, anxiety disorders, sleep disorders, eating disorders and stress-related disorders are more prevalent in people with diabetes compared to the general population (7). In particular, the risk of developing depression is increased by 2-3 folds in people with DM (8). Depression is a common mental disorder and a leading cause of disability worldwide, with a prevalence about 5% globally (9). Depression frequently occurs together with diabetes where the prevalence ranges from 8% to 18% (10), which is about twice of that among the people without diabetes (11). 
Even since 1675, Willis already recognised that people who experienced “significant life stress, sadness or long sorrow” were more likely to suffer from diabetes (12). However, until recently the diabetes-depression comorbidity is still unrecognized and untreated in approximately two thirds of the patients with it (13). Although the underlying pathology is not fully understood, some risk factors associated with the presence of depression in patients with diabetes have been identified, including high body mass index (BMI), female sex, younger age, not having a spouse, poor social support, lower education, low socioeconomic status, poor glycemic control, presence of diabetic complications, presence of medical comorbidity, physical impairment and previous history of depression (10, 14, 15).
DM-related depression is associated with poorer glycemic control and increased risk of complications (16-18). A meta-analysis of studies published until 2018 showed that, compared with the patients with diabetes alone, the patients with diabetes-depression comorbidity have a 47.9% increase in cardiovascular mortality, 36.8% increase in coronary heart disease and 32.9% increase in stroke (19). It is also associated with a decrease in quality of life and an increase in healthcare spending (20). Depressive symptoms can interfere with diabetes management and increase the risk of diabetes-related complications, which may shift priority away from diabetes and complicate patients’ self-management (4). Depression can lead to cognitive decline and further aggravate the vicious cycles of self-care ability, leading to insufficient physical exercise, non-adherence to diet, and irregular intake of medications (21). To reduce the burden of diabetes-related depression, the early recognition, effective treatment, and proper management of depressive comorbidity among people with diabetes is essential.
Diagnosis, treatment, and management of diabetes-depression comorbidity: gaps in automatic and standardized approaches
The diagnosis of diabetes-depression comorbidity requires a thorough assessment of medical and psychological symptoms. A comprehensive physical examination, laboratory tests, and psychometric assessments should be conducted to identify the presence of comorbidity. The presence of depressive symptoms should be assessed using standardized diagnostic interviews, such as the Diagnostic and Statistical Manual of Mental Disorders (DSM-IV) criteria or the Patient Health Questionnaire (PHQ-9) (22, 23). These diagnostic methods depends on multiple professional tests, patient’s presence and clinician’s expertise. The early and accurate diagnosis of diabetes-depression comorbidity is still an unmet need especially in some low-income countries that lack the resources – both human and financial – to detect depression (24).
The treatment and management of diabetes-depression comorbidity typically involves a combination of pharmacological, psychotherapeutic, and lifestyle interventions. Antidepressants, psychotherapy, and lifestyle modifications are important components of a successful treatment plan. Pharmacological interventions are often tailored patient-specifically and monitored closely by a physician. Psychotherapy, such as cognitive behavioral therapy, can help address underlying psychological issues and provide the patient with coping strategies. Pharmacological and psychological interventions are effective in improving depression symptoms, while collaborative care programs that simultaneously manage both disorders showed higher efficiency in improving diabetes-related outcomes (25). Limited evidence from short-to-medium term Randomised controlled trials (RCTs) predominantly conducted in the USA suggests that collaborative care for depression significantly improves both depression and glycaemia outcomes, independently, in people with comorbid depression and diabetes (26). Finally, lifestyle modifications, such as regular physical activity, healthy eating, and stress management, can help to improve overall wellbeing and relieve the depression in patients with diabetes (27). The management of diabetes-depression comorbidity involves monitoring of both medical and psychological symptoms. The depression improvement had a favourable effect on glycaemic control that was weight independent (28). Regular follow-up visits and laboratory tests can help to monitor the progression of diabetes, while psychological assessments can help to monitor the progression of depression. In addition, patient education and support, such as peer support groups, can effectively improve the self-management and ensure timely intervention. 
In summary, diabetes-depression comorbidity is a major health concern, and requires a comprehensive assessment, treatment, and management plan, which involved various healthcare and medical resources. Through the use of pharmacological, psychotherapeutic, and lifestyle interventions, as well as regular monitoring, it is possible to successfully manage this condition and improve the quality of life for those affected. However, there is currently no automated, standardized approach to predict depression comorbidity in diabetes. Further research is needed to develop effective interventions for the treatment of diabetes-related depression comorbidity.
Machine learning and Internet-of-Things: possible solutions?
The advancement of wearable devices, wireless transmission technologies, and computer science commonly laid technical groundwork for the remote monitoring, automatic diagnosis, data-enhanced decision making, and daily management of different diseases based on Internet of Things (IoT) and artificial intelligence (AI). 
The Internet of Things (IoT) is a system of wireless, interrelated, and connected digital devices that can collect, send, and store data automatically over a network without requiring human-to-human or human-to-computer interaction (29). An IoT enables cloud-based computations and real-time transmission of data among difference devices including wearable sensors, medical devices, smartphones, and computers. AI technologies, especially machine learning (ML) algorithms empower the IoT to demystify hidden patterns in bulk data for optimal prediction and recommendation systems. Different hybrid ML frameworks have been developed which work smartly to improve the decision-making process in healthcare area (30). Advanced ML algorithms can effectively integrate different data sources, including the patient data collected from patient electronic health records (EHR), Internet of Things (IoT) sensor devices, wearables and mobile devices, web-based information and social media, providing the possibilities of personalized healthcare and precise medicine (31). Recent years, there is an increase in IoT-based solutions in the prediction, treatment, and management of diabetes (32-36). However, there is a scarce of comprehensive review on the application of ML and IoT in diabetes-depression comorbidity. 
To comprehensively explore the application of ML and IoT in the diagnosis, treatment, and management of the comorbidity between diabetes and depression, a systematic search of the literature was conducted in some mainstream databases (Web of Science, PUBMED/MEDLINE, Medscape, IEEE Xplore Digital Library, and Scopus) were searched for all articles containing the keywords "diabetes comorbid depression" and "diabetes-depression comorbidity" in titles and/or abstract. The computer-based searches combined free text, subject headings for the medical field, and the aforementioned combination of keywords, with results limited to publications in English. Studies published between 1 January 2014 and 1 September 2022 were included to ensure updated results. The search yielded 277 articles, of which 21 were selected for further analysis and review. The results revealed some important aspects of the state-of-the-art: remote health monitoring and diagnosis, disease awareness and prevention, disease risk analysis, and health data fusion. The commonest ML techniques in existing studies include support vector machine, artificial neural networks, and decision tree. The findings of this review can provide an in-depth understanding of the role of IoT and ML techniques in detecting diabetes-depression comorbidity, and help inform future research in this field. Furthermore, the potential of using IoT+ML to predict comorbidity of diabetes and depression should be further explored to develop more effective methods for disease management.
In the following sections, some state-of-the-art applications of IoT and ML in healthcare monitoring especially in DM-relevant areas were reviewed to explore the potential of using IoT+ML to predict comorbidity of diabetes and depression.
Machine learning-based solutions
a) Detection/prediction of comorbid depression in diabetic patients
The early and accurate detection/prediction of diabetes-depression comorbidity is the commonest application of IoT+ML techniques in recent studies. In order to predict comorbid depression in diabetic patients, Jin et al. developed a benchmark model in 2014 using ridge multinomial logistic regression and the C4.5 decision tree induction algorithms (37). Their data were retrieved from The Diabetes-Depression Care-management Adoption Trial (DCAT) (38, 39), a sizable clinical trial that examined three approaches for providing depression care to diabetic patients. Each of the 1406 patient records in this dataset has 29 baseline variables and one outcome. The variables can be categorized into demographic, diabetes severity, functional status, depression severity, clinical trial-related, and patient satisfaction variables. The outcome was a three-level depression severity measurement derived from the depression symptoms at 6 months: not depressed, mild/moderate depression, or major/severe depression. Based on the extensive dataset produced by DCAT, the authors developed the ML models to predict depression severity. The prediction models were evaluated using three-fold cross validation. The percentage of correctly classified test instances served as a measure of the prediction models' overall accuracy. The benchmark model achieved the accuracy of 72.5%. The models provided reference for the development of clinically applicable predictive analytics tools. 
In 2015, Jin et al. proposed a generalized multilevel regression model based on a longitudinal dataset from a recent large-scale clinical trial to predict depression severity and the presence of major depression among patients with diabetes (40). The severity of depression was measured by the Patient Health Questionnaire PHQ-9 score. Two time-invariant and 10 time-varying predictors were selected for the model. The study evaluated the predictive accuracy of PHQ-9 scores and the classification ability of the predicted scores by using root-mean-square errors (RMSE) and areas under the receiver operating characteristic (ROC) curve. The results showed that incorporating historical records and using them to update the model may improve both predictive accuracy and classification ability of the predicted scores. Subject-specific predictions (for individual patients with historical records) achieved RMSE about 4 and areas under the ROC curve about 0.9, which were better than population-average predictions. 
In 2019 Jin et al. again investigated the use of patient-reported data to match depression screening intervals with depression risk profiles in primary care patients with diabetes (41). The study used a regression-based data mining technique to analyze 53 demographics, clinical variables, and patient-reported variables to develop three prediction models for major depression at 6, 12, and 18 months from baseline. Five patient-reported variables were selected in the prediction models: (1) Patient Health Questionnaire 2-item score; (2) the Sheehan Disability Scale; (3) previous problems with depression; (4) the diabetes symptoms scale; and (5) emotional burden of diabetes. The depression prediction models had an AUROC>0.80, and the analysis demonstrated that leveraging patient-reported data and prediction models can help improve identification of high-risk patients and clinical decisions about the depression screening interval for diabetes patients.
A temporal deep learning model with a transformer architecture was presented in a 2021 study by Meng et al. to perform bidirectional representation learning on EHR sequences for depression prediction (42). The model combined five disparate and highly dimensional data sources from the EHR and processed them temporally for the prediction of chronic diseases at different prediction windows. Compared to the best baseline model, the model predicted depression with the highest increases in precision-recall area under the curve (PRAUC) from 0.70 to 0.76. The model's interpretability was also enhanced by the self-attention weights in each sequence, which showed how different codes interacted internally (42). This study demonstrates that this model can accurately and interpretably predict depression with high precision, which may be helpful for developing clinical decision support systems for chronic disease screening and early detection in the future.
b) Estimation of healthcare cost/burden: guidance for public health policy
The machine learning algorithms can estimate/predict the healthcare cost and burden caused by diabetes-depression comorbidity, which provide reference for public health policy. In 2015, Jin et al. proposed a clinical forecasting model to predict comorbid depression among patients with diabetes and explored the efficacy of a model-based screening policy that aimed to save resources and time (43). Four machine learning models were trained and validated using data from two safety-net clinical trials, and logistic regression was chosen as the ultimate forecasting model. Compared to mass screening, the model-based policy can save approximately 50-60% of provider resources and time at the price of missing identification of about 30% of patients with depression. Two other heuristic-based partial screening policies identified depression at rates similar to those of the model-based policy, but cost more in resources and time (43). 
Huang et al. (2017) investigated health care utilization and expenditure among diabetic patients with and without depression disorder in Taiwan using the National Health Insurance claims database with multiple logistic regression analysis (44). The study revealed that health care utilization and expenditures for diabetic patients with depression were significantly higher than those without depression. Additionally, gender, complications, time, and urbanization were associated with health care utilization and expenditures. The findings of the study can contribute to the understanding of the impact of depression on health care utilization and expenditure among diabetic patients. 
Nowakowska et al. (2019) examined the comorbidity burden of type 2 diabetes mellitus (T2DM) in a large primary care cohort from England (45). Using the Clinical Practice Research Datalink (CPRD) linked with the Index of Multiple Deprivation (IMD) data, the authors identified the patients with T2DM, and calculated the crude and age-standardised prevalence of 18 chronic conditions present at and after the T2DM diagnosis. Moreover, they used linear regression to forecast the prevalence of 6 commonest conditions in 2027. Finally, agglomerative hierarchical clustering was used to identify comorbidity clusters. The results of the study suggest that comorbidities are common among the aimed population, with high between-patient variability in comorbidity patterns where mental health is a growing concern. The findings of this study emphasise the need for patient-centred healthcare and interventions that target both physical and mental health in this population. 
In 2021, Brüne et al. aimed to investigate the health care use and costs in individuals with diabetes with and without comorbid depression in Germany (46). Data from a 2013 cross-sectional survey of randomly sampled members of a nationwide German statutory health insurance (SHI) provider with diabetes was longitudinally linked with SHI data covering four quarters before and after the survey to analyze health care use and costs. Multiple regression models were used to estimate the association between depression groups and the cost categories total health care, inpatient care, outpatient care, and medication and assistive devices. The cost ratios (CRs) with adjustment for sociodemographic/socioeconomic factors and comorbidities was calculated for two groups with and without symptoms or diagnosis of depression. The results showed that annual mean total health care costs were higher for patients with comorbid depression than without, and that excess costs were highly associated with comorbidities, with mental health care costs being very low for patients without depression and relatively low for those with depression. Thus, this study suggests that costs are significantly higher when comorbid depression is present either as symptoms or diagnosed, though excess costs for mental health services were rather low (46). 
These findings commonly provide direct reference for public health policy to improve the quality of healthcare service for patients with diabetes-depression comorbidity at lower cost.
c) Healthcare monitoring and daily management
The possibility of using passive smartphone sensing to enhance risk stratification for patients with diabetes and depression was explored by Sarda et al. in 2019 (47). In this cross-sectional observational study, a smartphone-sensing app was used to measure the activity, mobility, sleep, and communication behaviors of 47 participants with diabetes. The supervised classification predictive modelling was performed with derived sensing variables as input to construct and compare classifiers that could risk-stratify people with diabetes based on symptoms of depression. The study discovered that those with diabetes and self-reported major depressive disorder symptoms had lower levels of social interaction and activity. The extreme gradient boosting machine-learning classifier provided the best performance with an average cross-validation accuracy of 79.07% in classifying the depressive symptoms. The results indicated that risk stratification for diabetes and depression patients may be enhanced by passive smartphone sensing, and highlighted the importance of IoT+ML strategy in mental healthcare for diabetes patients (47).
Other state-of-the-art methods
There are also studies that use other methods than machine learning ways to find relationships between diabetes and depression. In 2016, Egede et al. examined the medical expenditure associated with depression, diabetes, and diabetes-depression comorbidity in the United States between 2004 and 2011 (48). By analyzing the data from the Medical Expenditures Panel Survey, the authors found that, after adjusting for socio-demographic factors, compared with the people without any of the conditions, the incremental costs of diabetes and depression and were only $2692 and $2654, whilst that of diabetes-depression comorbidity was $6037. Meanwhile, the annual average aggregate costs of diabetes, depression, and diabetes-depression comorbidity were $150.1 billion, $238.3 billion, and $77.6 billion (48). This study provides evidence that cost savings can be achieved through more effective screening, diagnosis, and treatment of depression among patients with diabetes.
Hay et al. in 2017 investigated the cost-effectiveness of an information and communication technology (ICT)-facilitated depression care management program in a sample of 1406 safety-net primary care predominantly Hispanic/Latino patients with T2DM recruited in a nonrandomized  Diabetes-Depression Care-Management Adoption Trial (DCAT) (49). The technology-facilitated care delivery model provided low-intensity periodic calls to the patient to assess their depression symptoms and treatment adherence. Results showed a significant improvement in depression-free days (DFDs) and quality-adjusted life-years (QALYs) for patients in the technology-facilitated care group compared to the usual care group, with medical costs being significantly lower for the technology-facilitated care group. The authors concluded that the ICT-facilitated depression care delivery model was cost-effective compared to the supported care delivery model and dominant compared to the usual care delivery model (49).
In 2019, Cummings et al. explored the effects of cognitive behavioral therapy (CBT) plus lifestyle counseling on hemoglobin A1c (HbA1c) levels in rural adults with T2DM and comorbid depressive or regimen-related distress (RRD) symptoms (50). The study was a randomized controlled trial of a 16-session severity-tailored CBT plus lifestyle counseling intervention compared to usual care. Results showed that the intervention was associated with marginally significant improvements in HbA1c levels, as well as significantly greater improvements in RRD, depressive symptoms, self-care behaviors, and medication adherence across 12 months. Analyses showed a correlation between improvements in HbA1c levels and improvements in RRD and adherence. The authors concluded that tailored CBT with lifestyle counseling can improve behavioral outcomes, and may improve HbA1c levels in rural patients with T2D and comorbid depression and/or RRD symptoms (50).
The study by Prigge et al. in 2022 investigates the risk of all-cause and cause-specific mortality among participants with either diabetes or depression, or both, in a large prospective cohort study in the UK (51). The results showed that the risk of all-cause, cancer and other mortality among those with comorbid depression and diabetes exceeded the sum of the risks due to diabetes and depression alone, indicating a synergistic effect on mortality risk, largely driven by deaths from cancer and causes other than circulatory disease and cancer (51). This highlights the importance of considering comorbid depression and diabetes together in order to accurately assess mortality risk.
Role of IoT+ML solutions: towards early diagnosis, individualized treatment, and long-term management
The IoT-based solutions have been successfully applied in the management of diabetes. As shown in Figure 1, the wearable sensors, smartphones, and computers can be connected by IoT and generate real-time healthcare and medical data for cloud computing, including physiological parameters including vital signs (heart rate, respiratory rate, body temperature, blood pressure), glucose, contextual data (i.e. environmental temperature) and self-reported measures. Demographic features and lab test results can also enrich the dataset. Such data would be in graphical and human-readable forms for end users such as medical specialists and patients to promote bidirectional communication between patients and doctors, offering tele-care and telemedicine platforms for multi-faceted self-management of diabetes (52).
The presence of comorbidities can influence how diabetes patients prioritize their self-management behaviors (4). It is thus important to consider comorbidity type and severity when managing diabetes patients. The course of depression in patients with diabetes is chronic and severe; even with successful treatment, as many as 80% of patients with diabetes will experience depression relapse over a 5-year period (13). Therefore, by enabling real-time monitoring and cloud storage of longitudinal healthcare data, the IoT-based solutions can meet the needs for long-term management and early diagnosis of comorbid depression. Especially, effective self-management is an major challenge among older adult DM patients of which many have difficulty adhering to guidelines, where IoT and sensor-based home monitoring can predict the glucose level and improve the daily management, generating a novel idea called “persuasive sensing” (36). Some wearable devices (Figure 2), e.g., smartwatches, enable the daily monitoring of the users’ mental health status especially in low-resources areas, where the IoT-based solutions provide the possibilities of real-time monitoring and efficient distribution of limited medical resources (53). Some biomarkers extracted from the signals can reflect neural activities, e.g., photoplethysmographic pulse waveform (54, 55), heart rate variability derived from electrocardiogram (56), therefore, might provide useful information of depression. Big data analytics, e.g., streaming analytics, enables the cloud-based real-time data analysis for early detection, feedback, and intervention for comorbid depression (57). 
[image: C:\Users\ad4828\AppData\Local\Microsoft\Windows\INetCache\Content.Word\illustration.png] Figure 1. Workflow of Internet-of-Things (IoT) and machine learning in diabetes-depression comorbidity.
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Figure 2. Wearable devices used to support patients with diabetes, by Makroum et al., 2020 (58). 
As reported in recent studies, machine learning has been widely applied in early detection/diagnosis of depression in patients with diabetes, with the results used as reference for individualized treatment and management, whereas, there is a scarce of studies in predicting/evaluating the treatment efficacy. On the one hand, patient-tailored treatment has been recommended by recent guidelines of DM treatment (28). Machine learning can accurately predict blood glucose levels even in non-standard diabetic patients or those with rarer types of diabetes, providing direct reference for individualized insulin treatment (59). Furthermore, recently improvement in wearable sensors enables more multi-dimensional and multimodal data that could enrich DM-related physiological information and improve the performance of machine learning algorithms in guiding individualized treatment and management of diabetes (58). The application of machine learning in relevant areas, e.g., food identification and classification, can provide reference for different aspects of daily management for patients with DM (60). On the other hand, in a recent systematic review on the prediction of depression treatment outcomes using machine learning, Sajjadian et al. found a negative relationship between study quality and prediction accuracy, combined with a lack of independent replication (61). Therefore, the potential of machine learning applications for personalizing the treatment of depression deserve further exploration. 
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Figure 3. Application of machine learning in predicting individualized treatment effect of diabetes-depression comorbidity, adapted from Bica et al., 2020 (62).
Limitations and future directions
There are some limitations in current studies. First, the proposed methods are highly heterogeneous and not standardized especially in data pre-processing. This leads to the difference in data quality and low portability of the proposed algorithms to other cohorts. Second, as aforementioned, the exploration on individualized treatment and management of depression is limited. In addition, currently studies focus on the clinical application, with the in-depth investigation on the pathophysiology of comorbid depression being neglected. Finally, with limited hardware development, the proposed algorithms have not been integrated into an intact device that enables large-scale production and application. 
In future studies, some standardized modules can be developed to ease the pre-processing of data from wearable sensors (e.g., filtering of electrocardiaogram and photoplethysmography) and EHRs (e.g., automatic data cleansing). Secondly, the prediction of individualized treatment efficacy can be explored by utilizing different data types to train and individualize the machine learning models (Figure 3). In addition, based on the multidimensional and multimodal healthcare and medical data, the pathology of diabetes-depression can be investigated. Finally, a hardware system with wireless data transmission function can be developed where machine learning, IoT, and cloud computing can be integrated for real-world application.
Conclusions
Based on wearable sensing technology, IoT and ML are playing an increasingly important role in the diagnosis, treatment, and management of diabetes-depression comorbidity. The IoT+ML solutions provide important reference for clinical practice, while the applications in individualized treatment and pathological investigation deserve more investigation. 
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