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 Abstract – Diabetes mellitus, commonly known as 

diabetes, is a chronic disease that often results in multiple 

complications. Risk prediction of diabetes complications is 

critical used for healthcare professionals to design 

personalized treatment plans for patients in diabetes care 

for improved outcomes. In this paper, focusing on Type 2 

diabetes mellitus (T2DM), study the risk of developing 

complications after the initial T2DM diagnosis from 

longitudinal patient records. Propose a novel multi-task 

learning approach to simultaneously model multiple 

complications where each task corresponds to the risk 

modeling of one complication. Specifically, the proposed 

method strategically captures the relationships (1) 

between the risks of multiple T2DM complications, (2) 

between different risk factors, and (3) between the risk 

factor selection patterns, which assumes comparable 

complications have similar contributing risk factors. The 

method uses coefficient shrinkage to identify an 

informative subset of risk factors from high-dimensional 

data, and uses a hierarchical Bayesian support to allow 

domain knowledge to be incorporated as priors. The 

proposed method is favorable for healthcare applications 

because in addition to improved prediction performance, 

relationships among the different risks and among risk 

factors are also identified. Extensive experimental results 

on a large electronic medical claims database show that 

the proposed method outperforms state-of-the-art models 

by a significant margin. Furthermore, we show that the 

risk associations learned and the risk factors identified 

lead to meaningful clinical insights. 

 

 

I.  INTRODUCTION 

 WIABETES mellitus, frequently known as diabetes, is a 

chronic disease that affects nearly half a billion people around 

the globe In the United States alone, more than million 

natives were diagnosed with diabetes as of  with another  

million undiagnosed  Type  diabetes mellitus  is the most 

common form of diabetes, and it accounts for more than  of 

all diabetes cases  is characterized by hyperglycemia 

abnormally elevated blood  glucose (blood sugar) levels, and 

is almost always related with a number of complications  

Over time, the chronic elevation of blood glucose levels 

caused by leads to blood liner damage which in turn leads to 

associated complications, including kidney failure, blindness, 

stroke, heart attack, and in rigorous cases even death. 

Meanwhile, the cost of diabetes care has been increasing over 

the past decades and the annual cost reaches Management 

requires permanent medical care through multi factorial risk 

reduction strategies beyond glycemic control. 

 

                          II.  LITERATURE  SURVEY 

 

Hua Wang, Feiping Nie, Heng Huang [1] says that 

Alzheimer’s disease (AD) is a neurodegenerative disorder 

characterized by progressive impairment of memory and 

other cognitive functions the proposed model explores the 

temporal correlations existing in imaging and cognitive data 

by structured sparsity inducing norms. The sparsely of the 

model enables the selection of a small number of imaging 

measures while maintaining high prediction accuracy, the 

empirical studies, using the longitudinal imaging and 

cognitive data of the ADNI cohort, have yielded promising 

results. 

As per Hua Wang, Feiping Nie, Heng Huang, represented 

advantages as 

 Neuro imaging measures have been widely studied to 

predict disease status and/or cognitive performance 

[1, 2, 3, 4, 5, 6, 7].  

 Propose a novel high-order multi-task learning 

model to address this issue. 

As per Hua Wang, Feiping Nie, Heng Huang, represented 

disadvantage as 

 The temporal imaging features that predict 

longitudinal outcomes is are a challenging machine 

learning problem. First, the input data and response 

measures often are high-order tensors, not regular 

data/label matrix.  

 For example, both input neuro imaging measures 

(samples × features × time) and output cognitive 

scores (samples × scores × time) are 3D tensors.  
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Haolin Wang[2] says that Tensor factorization has emerged 

as a powerful method to address the challenges of high 

dimensionality regarding disease development and 

comorbidity. Chronic diseases have a high likelihood to co-

occur, making patients suffering from one chronic disease to 

have an elevated risk for the other diseases in the course of 

aging. Individualized prediction of chronic diseases can help 

patients prevent new diseases and reduce the healthcare costs. 

The proposed methods consistently outperform benchmark 

predictive models.  

As per Haolin Wang represented advantages as 

 factorizations a promising modeling approach to14 

disease prediction using the EHR data, which usually 

have high dimensionality and 15sparsity, and needs 

domain expertise to ensure model validity [1, 12, 

13]. 

 proposed as the first diabetes prediction (regression-

based) algorithm for type-247 diabetes [31]. 

As per Haolin Wang represented disadvantage as 

 Research on chronic diseases prediction, and 

subsequent prevention and43 management, has 

mainly focused on developing regression model. 

 To estimate the44 clinical risk factors and genomic 

variables, such as biomarkers, medical history, 

family45, history and genealogy records, and 

demographics [28, 30].  

Jimmy Lei Ba[3] also analyze the theoretical convergence 

properties of the algorithm and provide a regret bound on the 

convergence rate that is comparable to the best known results 

under the online convex optimization framework. Empirical 

results demonstrate that Adam works well in practice and 

compares favorably to other stochastic optimization methods. 

Finally, discuss Adam Max, a variant of Adam based on the 

infinity norm. 

As per Jimmy Lei Ba represented advantages as 

 Propose Adam, a method for efficient stochastic 

optimization that only requires first-order gradients 

with little memory requirement.  

 The method computes individual adaptive learning 

rates for different parameters from estimates of first 

and second moments of the gradients. 

As per Jimmy Lei Ba represented disadvantage as 

 Using large models and datasets, we demonstrate 

Adam can efficiently solve practical deep learning 

problems. 

 Logistic regression training negative log likelihood 

on MNIST images and IMDB movie reviews with 

10,000 bag-of-words (BoW) feature vectors 

N. Razavian1, Saul Blecker[4] says that   present a new 

approach to population health, in which data-driven 

predictive models are learned for outcomes such as type 2 

diabetes. Our approach enables risk assessment from readily 

available electronic claims data on large populations, without 

additional screening cost million individuals between 

2005and 2009, an initial set of 42,000 variables were derived 

that together describe the full health status and history of 

every individual predicting onset of type 2diabetes in 2009–

2011, 2010–2012, and 2011–2013. Type 2 diabetes using 

readily available administrative data is feasible and has better 

prediction performance than classical diabetes risk prediction 

algorithms on very large populations with missing data.  

As per N. Razavian1, Saul Blecker represented advantages 

as 

 The primary purpose of our study is to develop a 

population-level risk prediction model for type 2 

diabete. 

 which can be directly applied to health insurance 

claims and other readily available clinical and 

utilization data.  

As per N. Razavian1, Saul Blecker represented 

disadvantages as 

 We built a parsimonious baseline model, using risk 

factors derived from seven landmark studies of risk 

prediction models for predicting incident diabetes: 

ARIC,23KORA,30FRAMINGHAM,31AUSDRISC,2

5FINDRISC,26 and the San-Antonio Model. 

 24 To build our parsimonious model, we included 

every variable that was used in any of these models 

for which we had direct or surrogate measurements.  

SwarnamalyaB[5] says that In this fast paced world with 

transformation of lifestyle and preferences, there is an 

immediate call for personalized tour packages. Personalized 

travel sequence recommendations and situation aware 

multimodal route recommendations are recent evolutions in 

the field of travel based recommendation systems. At present, 

most online routing applications still provide only the shortest 

distance or  references.  

As per SwarnamalyaB represented advantages as 

 Shortest distance or travel time routes & individual  

preferences are considered using Bayesian learning 

methods.  

 Here they had been looking forward to eradicate the 

basic limitation which is the provision of shortest 

distance or shortest. 

As per SwarnamalyaB represented disadvantages as 

 We denote this problem as the 

DYNAMICTOURREC problem.  

 Our formulation of DYNAMICTOURREC is 

modeled based on a variant of the Optimal route 

selection problem (travel and salesman). 

Xiang Wang[6] says that Chronic diseases, such as 

Alzheimer's Disease, Diabetes, and Chronic Obstructive 

Pulmonary Disease, usually progress slowly over a long 

period of time, causing increasing burden to the patients, 

their families, and the healthcare system. Modeling disease 

progression based on real-world evidence is a very 
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challenging task due to the incompleteness and irregularity of 

the observations, as well as the heterogeneity of the patient 

conditions. In this paper, we propose a probabilistic disease 

progression model  to a real-world COPD patient cohort and 

deriving some interesting clinical insights. 

As per Xiang Wang  represented advantages as 

 The progression of disease usually involves the 

evolution of many different types of hidden 

covariates.  

 Identifying these covariates with limited or no 

supervision is a very challenging task. 

As per Xiang Wang  represented disadvantages as 

 Unlike the discrete-time HMM based models, 

our model is continuous-time, which is a more 

natural way to handle the irregular time intervals 

between patient visit. 

 Some existing work were dealing with synchronous 

time sequence. 

Yu Cheng Ping Zhang[7] says that The recent years have 

witnessed a shortest travel-time routes, and neglects 

individual preferences..It does not address the current 

situation such as real time traffic present in the routes. To 

address the above mentioned issues, The third layer is a max 

pooling layer introducing sparsity on the detected phenol 

types, so that only those significant phenotypes will remain. 

The fourth layer is a fully connected soft max prediction 

layer. In order to incorporate the temporal smoothness of the 

patient EHR, we also investigated three different temporal 

fusion mechanisms in the model: early fusion, late fusion and 

slow fusion. Finally the proposed models validated on a real 

world EHR data warehouse under the specific scenario of 

predictive modeling of chronic diseases. 

As per Yu Cheng∗ Ping Zhang[]  represented advantages as 

 A deep learning approach for extract meaningful 

features, or phenotypes, from patient EHRs in this 

paper. As a prerequisite. 

 The first convert the EHRs of every patient into a 

binary sparse matrix as in [9, 11], where the 

horizontal dimension is time, the vertical dimension 

is medical events.  

As per Yu Cheng∗ Ping Zhang[]  represented disadvantages 

as 

 In this section we briefly review the existing work 

that is closely related to the research proposed in this 

paper. One is patient phenol typing from their EHRs. 

 The other is the algorithmic research on deep 

learning and their applications on extracting 

effective temporal features. 
TABLE I:1 Literature Survey 

 

Author Methodology Advantages Disadvantages 

Hua Wang, 

Feiping Nie, 

Heng Huang 

empirical 

studies 

propose a novel 

high-order 

multi-task 

learning 

Not regular 

data/label 

matrix.  

 

Haolin Wang1 

tensor 

factorization-

based machine 

learning 

 (regression-

based) algorithm 

for type-247 

diabetes [31] 

the44 clinical 

risk factors and 

genomic 

variables 

Jimmy Lei Ba* 
non-stationary 

objectives 

Efficient 

stochastic 

optimization 

 Using large 

models and 

datasets 

N. Razavian1, 

Saul Blecker2 

electronic claims 

data on large 

populations 

Clinical and 

utilization data. 

extract 

meaningful 

features, or 

phenotypes, 

from patient 

EHRs in this 

paper 

SwarnamalyaB1 
recommendation 

systems 

 Bayesian 

learning 

methods.  

 

DYNAMIC 

TOURREC          

problem.  

 

Xiang Wang 

diagnosis and 

personalized 

care 

Supervision is a 

very challenging 

task 

Synchronous 

time 

sequence 

 

Yu Cheng∗ Ping 

Zhang∗ 

directions for 

transforming 

healthcare 

Extract 

meaningful 

features 

 Section briefly 

review the 

existing work  

 

III. PROPOSED SYSTEM 
In this paper, provided a systematic study on risk profiling by 

simultaneously modeling multiple complications in chronic disease 

care using as a case study. A novel multi-task learning model,  that 

jointly captures relationships between risks, risk factors, and risk 

factor selection learned from the data with the ability to incorporate 

domain knowledge as priors. TREFLES is favorable for healthcare 

applications because in additional to improved prediction 

performance, clinically meaningful insights about the relationships 

among different complications and risk factors can also be 

identified.  

Extensive experiments on a T2DM patient dataset extracted 

from a large electronic medical claims database validated the 

improved prediction performance. 

IV.  ARCHITECTURE DIAGRAM: 

 

 Figure1Architecture diagram 
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In this section, describe the system and/or subsystem(s) 

architecture for the project.  

A. System Hardware Architecture 

     In this section, describe the overall system hardware and 

organization.  Include a list of hardware components (with a 

brief description of each item) and diagrams showing the 

connectivity between the components.  If appropriate, use 

subsections to address each subsystem. 

B. System Software Architecture 

In this section, describe the overall system software and 

organization.  Include a list of software modules (this could 

include functions, subroutines, or classes), computer 

languages, and programming computer-aided software 

engineering tools (with a brief description of the function of 

each item).  Use structured organization diagrams/object-

oriented diagrams that show the various segmentation levels 

down to the lowest level.  All features on the diagrams should 

have reference numbers and names.  Include a narrative that 

expands on and enhances the understanding of the functional 

breakdown.  If appropriate, use subsections to address each 

module. 

C. Internal Communications Architecture 

In this section, describe the overall communications within 

the system; for example, LANs, buses, etc.  Include the 

communications architecture(s) being implemented, such as 

X.25, Token Ring, etc.  Provide a diagram depicting the 

communications path(s) between the system and subsystem 

modules.  If appropriate, use subsections to address each 

architecture being employed. 

V MODULES DESCRIPTION 
 

A.Terms—Healthcare Analytics 

The prediction results in terms of averaged AUC over all 

tasks for different values of b0, which is the hyper parameter 

for global shrinkage parameter. In this paper, provided a 

systematic study on risk profiling by simultaneously modeling 

multiple complications in chronic disease care using T2DM 

as a case study. Also the risk associations learned as well as 

the risk factors identified by TREFLES lead to meaningful 

insights that were consistent with clinical findings. this work 

and interesting future research directions. First, aggregated 

longitudinal patient records into a vector of risk factor, and 

each patient was represented by the vector. Such data 

aggregation neglects the temporal information in the 

longitudinal data are also interested in applying our model to 

other chronic disease conditions with multiple complications 

or comorbidities which might benefit from the proposed 

modeling innovations proposed here. 

B. Risk Prediction 

This work and interesting future research directions. 

First, we aggregated longitudinal patient records into a vector 

of risk factor, and each patient was represented by the vector. 

Such data aggregation neglects the temporal information in 

the longitudinal data are also interested in applying our 

model to other chronic disease conditions with multiple 

complications or comorbidities which might benefit from the 

proposed modeling innovations proposed here. 

C. Multi-task Learning 

A novel multi-task learning approach to simultaneously  

model multiple complications where each task 

corresponds to the risk modeling of one complication. 

Proposed method strategically captures the relationships 

between the risks of multiple complications, between different 

risk factors, and between the risk factor selection. begin by 

formulating complication risk prediction as a Task learning  

problem with each complication corresponding to one task.  

jointly learns multiple tasks using a shared representation so 

that knowledge obtained from one task can help the other 

tasks. 

Finally, assess our proposed innovations through 

extensive experiments on patient level data extracted from a 

large electronic medical claims database. 

D.Correlated Shrinkage 

Complications have similar contributing risk factors, we 

endow our models with the ability to perform correlated 

shrinkage through a novel correlated Horseshoe distribution. 

This allows us to identify subsets of risk factors for different 

complications while accounting for associations. The 

proposed method Task relationship and Feature relationship 

with correlated Shrinkage . Formulate TREFLES in a 

hierarchical Bayesian framework, allowing us to easily 

capture domain knowledge through carefully chosen priors. 

VI EXPERIMENT AND RESULTS 

In this section we present empirical evaluations to 

carefully vet our model on patient level data extracted from a 

large real-world electronic medical claims database. 

5.1 Experimental Setup 

T2DM cohort construction. We conduct a retrospective 

cohort study using the MarketScan Commercial Claims and 

Encounter (CCAE) database from Truven Health [55]. The 

data on the patients are contributed by a selection of large 

private employers’ health plans, as well as government and 

public organizations. We use a dataset of de-identified 

patients between the years 2011 and 2014. The patient cohort 

used in the study consisted of T2DM patients selected based 

on the following criteria: 

I. The frequency ratio between Type 2 diabetes visits to 

Type 1 diabetes visits is larger than 

0:5; AND 

II-a. The patient has two (2) or more Type 2 diabetes 

labeled 
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events on different days; OR 

II-b. The patient received insulin and/or anti diabetic 

medication. 

Rules from American Diabetes Association [56], we 

identified 17 common complications of T2DM. We used 12 of 

the 17 T2DM complications because the remaining 5 

complications did not have enough instances in our dataset. 

Table 3 shows  

Diagnoses: historical medical conditions encoded as 

International Classification of Disease (ICD) codes. ICD 

codes are grouped according to their first three digits and ICD 

codes appearing in fewer than 200 patients are filtered out. 

This results in 296 unique ICD features. Patients with less 

than 10 occurrences of ICD codes are removed. 

 Medications: medications that were received before 

the initial T2DM diagnosis date. A total of 19 

therapeutic classes related to glucose control, cardiac 

related drugs, and antibiotics were selected. This 

results in a total of 317 features. 

5.2 Evaluation Protocol Baselines. 

Compare the new TREFLES method with following set 

of strong baselines: 

Single task learning (STL): For each task, we use a logistic 

regression to model the risk of each complication 

independently. Multi-task feature learning (MTFL) [37], [40]: 

MTFL assumes that task association is captured through a 

subset of features shared among tasks. It learns a few features 

common across the tasks using group sparsit i,e., the `1=`2-

norm regularization on W, which both couples the tasks and 

enforces sparsity. 

 Multi-task relationship learning (MTRL) [38]: 

MTRL assumes that the task association is revealed 

in the structure of the coefficient matrix W, but it 

only considers the task correlations in W neglecting 

the correlations between features. 

 Feature and task relationship learning (FETR) [42]: 

FETR learns the relationships both between tasks 

and between features simultaneously. It can be seen a 

special case of our model without feature grouping 

and correlated shrinkage. 

Evaluation metrics. All the models are implemented with 

gradient descent optimization and we apply the Adam [57] 

method to automatically adapt the step size during parameter 

estimation. 

5.3 Incorporating Domain Knowledge Grouping of features. 

We group ICD features according to the domain knowledge 

encoded in the ICD onto logies. Specifically, we group ICD-9 

codes together when they have a same parent node (3 digits) 

in the ICD-9 hierarchy Prior risk association 0. Note that our 

model can incorporate prior knowledge on complication 

associations through 0. This results in a 0 that represents our 

prior knowledge about the correlations between the T2DM 

complications in our study. 

5.4 Results: 

Table 4 shows the AUCs between the proposed TREFLES 

model and the baseline approaches on all 12 complication 

risk prediction tasks. The average and standard deviation (in 

parenthesis) over the 5-fold cross validation trials are 

reported. We also conducted the Wilcoxon signed rank test 

for the proposed TREFLES model with each baseline model 

to perform significance tests. ** (*) indicates that AUC value 

of TREFLES model is statistically significant different from 

the corresponding baseline with p <0:05(p <0:1).Our 

approach consistently and significantly (in most cases) 

outperforms the baseline methods on all the 12 tasks. Fig. 5 

plots the average AUCs and standard deviations across the 12 

tasks for the different methods. MTL versus STL: 

TREFLES model versus baseline MTL models: As shown in 

our TREFLES model outperforms all baseline MTL models. 

TREFLES (AUC 0:75010:0091) is better than the best 

baseline model FETR (AUC 0 : 7278 0: 0094) by 2:2% in 

AUC. We also observe that the task relationship learning 

based method MTRL (AUC 0:71730:0072) is more favorable 

than the feature relationship learning based method MTFL 

(AUC 0:68790:0128). FETR outperforms MTRL because it 

simultaneously learns the relationships both between tasks 

and between features. TREFLES not only captures the 

relationships between tasks and between features, it also 

identifies the common contributing risk factors through the 

correlated coefficient shrinkage mechanism and incorporates 

domain knowledge through carefully constructed priors. As a 

result, TREFLES can significantly improve upon FETR. 

5.5 Learned Risk Associations: 

In this section we discuss the estimated risk association 

matrix ^ from our TREFLES model. Matrix ^ represents the 

relatedness between complications learned from data. We first 

transfer the covariance matrix ^ to its correlation matrix ^ R, 

whose elements have a ranges from observe that all the 

elements in the correlation matrix ^ R learned by TREFLES 

have positive values. This is because all the complications are 

manifestations of a common underlying condition–

hyperglycemia and they are positively correlated. Then we 

perform a hierarchical clustering on ^ R. Fig. 6 shows the 

heat map and the dendrogram of the hierarchical clustering 

results.  

5.6 Identified Risk Factors: 

Table 5 shows the top-5 risk factors/predictors (according 

to their coefficients) for each diabetic complication identified 

by our model. Most of the risk factors identified by our model 

are known to be clinically associated with the corresponding 

diabetic complications (indicated by *) [59]. For example, the 

medical condition of “Disorders of fluid, electrolyte, and acid-

base balance age is another major known risk factor for 

retinopathy, neuropathy, nephropathy and vascular disease 

including cardiovascular disease and the proposed method 

correctly identifies these associations [62]. 511e-11e-21e-31e-

4 Hyperparameter b00. 730.740.750.760.77 Averaged AUC 
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Fig. 7: Impacts of hyper parameter b0 of TREFLES model on 

prediction performances.The underlying mechanism of age as 

a risk factor could be due to the fact that older adults tend to 

have long-standing diabetes, and consequently have 

associated microvascular and macro vascular complications.  

5.7 Impacts of hyper parameter : 

Prediction results in terms of averaged AUC over all 

tasks for different values of b0 , which is the hyper parameter 

for global shrinkage parameter. We found TREFLES model is 

not sensitive to hyper parameter b0. Incorporating prior risk 

association 0 improves prediction performances—AUC with 

0 is 0:75010:0091 vs AU0:74950:0093 when without 0—

though improvement is not significant. One reason would be 

the population used in the human disease network study and 

that used in our study are different. Also, the impact of priors 

will become negligible when there are enough training data. 

However, the capability to incorporate domain knowledge 

becomes important when there are not enough data and 

reliable domain knowledge is available. 

 

 
FIGURE 6.1 Diabetic Data’s 

 The diabetic data’s screenshot with the field using collect 

the data page. All patients details collect the diabetes lists. 

There are patients in pasitive or nagative thoughts in all 

patients records. 

 
FIGURE 6.2 Attributs values 

 The attributes values in reletionship entity values. It can 

be related converts attributes values.  

There are start getting attributes in index. 

 
FIGURE 6.3 Learning start 

 The learning start is a screenshot with the fields of the 

admission id and decharged details.  

A location is the admission-type- id diabetic patients 

record list in the discharge-deposion-id. 

 
FIGURE 6.4 Learning finished 

 The diabetics data in a learning finished in the missing 

values in admission source id. Admission source id in 

epoch:0001 cost:0.09100867. 

 Check the No of the values in accurency to the learning 

finished. 

 
FIGURE 6.5 Feature selections 

 The feature selection screenshot with the field using 

collect the software before and after.  
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Selection in the after and before feature selection in the 

SVM selection and validation in the NB selections. 

 

 
FIGURE 6.6 Learning diabetics 

 The learning diabetics screenshot with the field using 

start with learning description. A diabetics list of the process 

in the values to the increase to the conventients to production 

call evaluated in the deep learning classification.  

It can be processed in the considered values in the records 

in how many positive or nagative in diabetes lists. 

  

 
FIGURE 6.7 Precision recall 

RESULT PAGE 

 The precision recall is a screenshot with the field using in 

trained full development set in evaluation set. 

 Precision recall to the full fields in the recalled the f1 

scores in the supports assumes in there evaluated called in the 

turning hyper recall parameter values for the recall. 

 

VII CONCLUSION 

In this paper, provided a systematic study on risk  

profiling by simultaneously modeling multiple complications 

in chronic disease care using T2DM as a case study. We 

proposed a novel multi-task learning model, TREFLES, that 

jointly captures relationships between risks, risk factors, and 

risk factor selection learned from the data with the ability to 

incorporate domain knowledge as priors. TREFLES is 

favorable for healthcare applications because in additional to 

improved prediction performance, clinically meaningful 

insights about the relationships among different 

complications and risk factors can also be identified. 

Extensive experiments on a T2DM patient dataset extracted  

from a large electronic medical claims database validated the 

improved prediction performance of TREFLES over current 

state of the art methods. Also the risk associations learned as 

well as the risk factors identified by TREFLES lead to 

meaningful insights that were consistent with clinical 

findings. 
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