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Purpose: To gain an understanding of the heterogeneous group of type 2 diabetes (T2D) patients, we aimed to identify patients with 
the homogenous long-term HbA1c trajectories and to predict the trajectory membership for each patient using explainable machine 
learning methods and different clinical-, treatment-, and socio-economic-related predictors.
Patients and Methods: Electronic health records data covering primary and specialized healthcare on 9631 patients having T2D 
diagnosis were extracted from the North Karelia region, Finland. Six-year HbA1c trajectories were examined with growth mixture 
models. Linear discriminant analysis and neural networks were applied to predict the trajectory membership individually.
Results: Three HbA1c trajectories were distinguished over six years: “stable, adequate” (86.5%), “improving, but inadequate” (7.3%), 
and “fluctuating, inadequate” (6.2%) glycemic control. Prior glucose levels, duration of T2D, use of insulin only, use of insulin 
together with some oral antidiabetic medications, and use of only metformin were the most important predictors for the long-term 
treatment balance. The prediction model had a balanced accuracy of 85% and a receiving operating characteristic area under the curve 
of 91%, indicating high performance. Moreover, the results based on SHAP (Shapley additive explanations) values show that it is 
possible to explain the outcomes of machine learning methods at the population and individual levels.
Conclusion: Heterogeneity in long-term glycemic control can be predicted with confidence by utilizing information from previous 
HbA1c levels, fasting plasma glucose, duration of T2D, and use of antidiabetic medications. In future, the expected development of 
HbA1c could be predicted based on the patient’s unique risk factors offering a practical tool for clinicians to support treatment 
planning.
Keywords: type 2 diabetes, cluster, HbA1c, machine learning, SHAP

Introduction
Type 2 diabetes (T2D), which is a complex disease characterized by hyperglycemia, is a significant global health 
challenge, affecting about 537 million, ie, 1 in 10 adults worldwide (IDF 2021).1 Globally, the economic burden 
associated with T2D was estimated to be as much as $966 billion in 2021.1 Most of the health expenditures are caused 
by T2D-related micro- and macrovascular complications.2 These unfavorable figures could be expected to increase even 
higher since the prevalence of T2D is rising due to ageing, increasing obesity, unhealthy diet, and physical inactivity.

Patients with T2D are a heterogeneous patient group with varying degrees of insulin resistance and impaired insulin 
secretion leading to differences in needs for treatment intensity and health care service use. In the treatment of T2D, 
numerous previous studies have demonstrated that high average blood glucose level, commonly estimated with 
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hemoglobin A1c (HbA1c), is significantly associated with T2D-related micro- and macrovascular complications.3–7 

However, aiming for normal or close-to-normal HbA1c levels is not always preferred due to pathogenic mechanisms 
related to the development of T2D-related complications.8 Therefore, standardized mostly “one-size-fits-all” care is 
currently suggested by the treatment guidelines with more-stringent goals for younger T2D patients with short disease 
duration and less-rigorous treatment targets for older and the most comorbid patients.9–12 The level of HbA1c is, 
however, often observed to deteriorate and fluctuate over time, eg, due to progressive nature of the disease, ageing, 
changes in lifestyle, other concomitant diseases, and different treatments, which is also known to be a significant risk 
factor for T2D-related morbidity and mortality.13–15 Thus, there is an urgent need to identify patients with challenges in 
T2D care and to optimize the selection of treatments and the use of health care resources by enabling different models for 
care stream.

More specifically, individualized prediction models based on patient’s characteristics are needed to aid physicians and 
health care professionals in identification of the patients with poor treatment balance and tailoring treatment and 
monitoring according to the needs of the patients. In the present study, which is a part of the HTx project (EU 
Horizon 2020 funded project 2019–2024), we applied artificial intelligence as a tool to examine individualized predic-
tions by searching complex relationships from high-dimensional data. The primary aim of HTx is to create a framework 
for the Next Generation Health Technology Assessment (HTA) to support patient-centered, societally oriented, real-time 
decision-making on access to and reimbursement for health technologies throughout Europe. To achieve the goals, we 
characterized clusters of similar patients based on their HbA1c trajectories over six years and predicted the membership 
to the long-term glycemic control trajectories for each patient using explainable artificially intelligent methods and 
different clinical-, treatment-, and socioeconomic-related predictors to improve our understanding of sub-groups and their 
characteristics of this heterogeneous patient population. These developed methods may help to predict the expected 
development of longitudinal HbA1c trajectories when planning the treatment of patients based on their unique risk 
factors and other characteristics.

Materials and Methods
Study Design
In Finland, health care services are mainly produced as public services and are organized and funded by municipalities. 
Siun sote – The Joint Municipal Authority for North Karelia Social and Health Services was established in 2017 by 
joining healthcare organizations of 13 municipalities. Before that, all the municipalities had introduced identical 
electronic health register (EHR) called Mediatri in 2010‒2011, and it has been in use since integration both in primary 
and specialized care, too.16 EHR data were obtained from the Siun sote to identify a population-based cohort of patients 
with a diagnosed T2D at the end of 2012 as identified with the 10th revision of International Classification of Diseases 
(ICD-10) code E11 (N = 10139). EHRs provided us the data on utilization of both primary health care and specialized 
care for all patients living in the North Karelia region.

EHR data were compiled with medication purchase data for the years 1995–2019 from the Finnish Prescription 
Register (FPR) maintained by the Social Insurance Institution of Finland (SII). Data from the FPR include, for example, 
date of medication purchase, Anatomical Therapeutic Chemical (ATC) classification code,17 and cost.

Data on entitlements to higher medication reimbursements before 2011 were obtained from the Special 
Reimbursement Register (SRR) also maintained by the SII. In Finland, all community-dwelling residents are eligible 
for reimbursement for prescription medications, and thus, all reimbursed medication purchases and entitlements to higher 
medication reimbursement are registered to the beforementioned registers maintained by the SII. Data from the FPR and 
SRR were utilized to ascertain the date of T2D diagnosis as the first record of either diabetes medication purchase, 
entitlement to special refund or T2D diagnosis in the EHRs in the case that a patient had T2D diagnosed in a healthcare 
provider outside of the Siun sote. The study cohort was restricted to those patients who were living in the region of North 
Karelia in 2014 and were alive at the baseline on Jan 1, 2014 (n = 9631).
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Glycemic Control
Glycemic control was measured with HbA1c with the turbidimetric inhibition immunoassay method (TINIA) in the 
Eastern Finland laboratory (ISLAB, https://www.islab.fi). The method and its analysis were standardized across the 
North Karelia region. Values were standardized to the International Federation of Clinical Chemistry (IFCC) units. 
Yearly measures of HbA1c in 2014‒2019 were utilized for data-driven clustering of long-term glycemic control. If 
several measurements occurred within a year, the yearly mean was calculated. If the HbA1c value was unmeasured 
within a certain year, it was considered as a missing value for that year. HbA1c values were measured until the date of 
death, moving outside of the study area, or 31st December 2019, whichever occurred first.

Antidiabetic Medication Use
Use of antidiabetic medications in 2014‒2019 was examined among patients who were alive at the end of the 
examination year from the FPR and classified as follows: users of metformin (ATC code A10BA02) only, users of 
metformin and other oral antidiabetic medications (A10BA02 + other A10B), users of only other diabetes medications 
than insulin or metformin (A10B excluding A10BA02 and A10A), users of insulin and oral antidiabetic medication 
(including metformin) (A10A + A10B), users of insulin (A10A) only, and patients without antidiabetic medications.

Baseline Characteristics for Prediction
A detailed list of baseline characteristics measured prior to January 1st, 2014, with their definitions is presented in 
Supplementary Table 1. Three types of variables were available: clinical- and treatment-related factors as well as small- 
area level factors on socio-economic status (SES).

Clinical factors included age and gender obtained from the EHRs. Duration of T2D was defined at the baseline based 
on the first record of either diabetes medication purchase, entitlement to a special refund for antidiabetic medications, or 
T2D diagnosis in the EHRs. For baseline HbA1c, fasting plasma glucose (mmol/l), body mass index (BMI; kg/m2), total 
cholesterol (mmol/l), low-density lipoprotein cholesterol (mmol/l) and creatinine (µmol/l), the most recent measures 
before January 1st, 2014, were extracted from the EHRs.

Clinical factors included concordant (such as hypertension, coronary artery disease, atrial fibrillation, heart failure, 
peripheral arterial diseases, stroke, chronic kidney failure, neuropathies, and blindness) and discordant (such as cancers, 
asthma, gout, glaucoma, depression, dementia, mental diseases, chronic obstructive pulmonary disease, rheumatoid and 
other arthritis, osteoporosis, neuromuscular diseases, and liver diseases) diseases that occurred prior to the baseline in 
2014 as defined from the EHRs. Micro- and macrovascular complications occurring prior to the baseline were identified 
based on definitions from the minimum data content of the Finnish Diabetes Quality Register.18 In addition, 34 disease 
groups were formed based on categorizations of ICD-10 codes (Supplementary Table 1).

Treatment-related factors included the following subgroups of antidiabetic medication use in 2013 formed based on 
data from the FPR: users of metformin (ATC code A10BA02) only, users of metformin and other oral antidiabetic 
medications (OAD) (incl. metformin, sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP- 
4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).

(A10BA02 + other A10B), users of only other antidiabetic medications than insulin or metformin (A10B excluding 
A10BA02 and A10A), users of insulin and oral antidiabetic medication (including metformin) (A10A + A10B), and 
users of insulin (A10A) only. Utilization of other than antidiabetic medications was identified based on the third level of 
ATC codes, and the total number of medications used in 2013 was calculated based on the number of different ATC 
codes. Based on HbA1c, LDL and BMI measurements taken before baseline, indicators of having HbA1c, LDL and BMI 
values measured before the baseline were created. In addition, variables on number of HbA1c measurements in 2013 and 
number of all laboratory measurements taken (incl. blood pressure) in 2013 were formed. Finally, use of health care 
services was measured as numbers of 1) visits and 2) phone calls for physicians and nurses for any reason separately and 
as a total during the year 2013.

Small-area level SES factors included, for example, income status and education status of patient’s living area, which 
were obtained from the postal code area database19 maintained by Statistics Finland. We used databases from 2016 to 
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2017 to gather information measured on December 31st, 2013. According to our previous study, small-area level 
variables provide similar effects to patient-level information and are a usable proxy in the absence of patient-level 
information.20

Statistical Methods
Trajectory Modelling
The growth mixture model (GMM) is a data-driven statistical method to examine the existence of homogeneous 
subpopulations within a heterogeneous population.21–24 The method is suitable for longitudinal data to study evolution, 
ie, trajectories, over time and it assumes that each patient’s trajectory over time results from a patient being a member of 
a latent unobserved subpopulations or class. Other trajectory models for longitudinal designs include latent class growth 
models (or alternatively, group-based trajectory models), latent transition analysis and sequence analysis (only for 
categorical data).25 Of these, GMM is a parametric model and the only method that allows for heterogeneity within 
subpopulations. GMMs were utilized to cluster T2D patients into distinct trajectories of glycemic control according to 
their HbA1c patterns from 2014 to 2019. The models were fitted iteratively with 1–5 classes and varying shapes for the 
trajectories (linear, quadratic, cubic). GMMs were estimated with full-information maximum likelihood, and missing data 
were not imputed, but all available data were used. The selection of the final model was based on information from fit 
indices and classification performance of the model as well as clinical interpretation of the clusters. Bayesian Information 
Criteria (BIC) was utilized to compare models with lower values indicating better fit. Low-Mendel-Rubin likelihood ratio 
test with a P-value <0.05 was considered to indicate a better fit for an n-class model than for the n–1-class model. 
Posterior probabilities >0.8 are recommended and values close to 1 indicate better classification. In addition, entropy was 
used to guide the classification accuracy of the model with higher values indicating better classification. Small classes 
with <5% of the population were not accepted to end up with large enough groups of patients. GMM analyses were 
performed using Mplus Version 8.26

Differences in baseline characteristics between those included and excluded to the study were examined with 
standardized mean differences with values ≥10% considered to indicate meaningful differences between the groups.27 

These analyses were conducted with SAS 9.4 (SAS Institute Inc., Cary, North Carolina, USA).

Prediction Modelling
To predict the patient’s trajectory membership, several machine learning algorithms using Python were implemented. 
Two machine learning models, a custom-built fully connected neural network (NN) using TensorFlow28 and linear 
discriminant analysis (LDA) from the sklearn,29 were selected as final models.

LDA is a method used to find a linear combination of features that characterize or discriminate two or more classes of 
events.30 LDA is a classification method that assumes that distinct classes generate data based on different Gaussian 
distributions. To generate or train a classifier, the fitting function estimates the parameters of Gaussian distribution for 
each class; the model has the same covariance matrix for each class, only the means vary. However, predicting classes of 
new data using a trained discriminant classifier finds the class with the smallest misclassification cost.

The LDA instance used in this study can be derived from a simple probabilistic model, which models the class 
conditional distribution of the data for each class k. Prediction can be obtained using Bayes’ rule for each training 
sample x 2 Rd:

The class k, which maximizes the posterior probability, is selected. For LDA, P xjyð Þ is modeled as a multivariate 
Gaussian distribution with density defined as:
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where d is the number of features, �k is covariance matrix, and the term x � μkð Þ
T
�� 1

k x � μkð Þcorresponds to the 
Mahalanobis Distance between the sample xand the mean μk .

NNs, also known as artificial NNs, are systems inspired by biological neural networks consisting of artificial nodes. 
The primary goal of the NN was to solve problems as a human brain would. The NN determines the appropriate 
mathematical use to turn the input into output whether they have a linear or non-linear relationship. The NN used in this 
study is a fully connected multi-layered network with “elu” as an activation function in the hidden layer and a sigmoid as 
the activation function in the output layer.27 The structure of NNs used in this study can be seen in Figure 1, for each 
input/observation, k is the number of features and i is the number of layers in the model and l, m and n represent the 
number of neurons in each layer. Further details on the selection of model’s parameter can be found from the 
supplementary material under Appendix 1.

The feature selection based on the most important feature is a preliminary step used to select a minimum number of 
features from the data to train and test a model whilst maintaining the performance of models; the Shapley additive 
explanations (SHAP) plots,31 on the other hand, explain how a model while training and testing used a particular 
predictor for creating a decision boundary and for constructing a prediction. SHAP is an approach based on game theory 
to explain the output of machine learning models. It allocates optimal credits with local explanations using Shapley 
values from the game theory and their connected extensions. SHAP explains the contribution of each feature to each 
individual predicted probability. In this study, SHAP is used to understand how diverse values of various features lead to 
the probability of belonging to a glycemic control class.

Data Pre-Processing
The data included 244 variables or features, out of which 9, consisting of a single value, were removed. Furthermore, 
features with equal and more than 40% of missing values were dropped. A total of 59 out of 66 SES features were 
converted into ratio variables to eliminate data bias. For each of the three predictor categories, the best k predictors were 
selected using the Python function called SelectKBest from sklearn.30 Table 1 lists the categories of predictors with the 
total number and number of selected predictors. Samples with missing values in the training set were imputed with the 
most frequent value of the corresponding feature for that class, and samples with missing values in the testing set were 
dropped. The training set was under-sampled to match the number of samples for both classes using a random under- 
sampler. Later, datasets were normalized using the standard scaler method.

Figure 1 Structure of the fully connected neural network.

Table 1 Types of Predictors with Total Number of Predictors and Number of Selected Predictors

Type of Predictors Total Number of Predictors Number of Selected Predictors

Clinical (C) 83 5

Clinical + Treatment (CT) 233 10

Clinical + Treatment + SES (CTS) 299 15
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Ethics Statement
Use of the data was approved by the Ethics Committee of the Northern Savonia Hospital District (diary number 81/2012). 
The study protocol was also approved by the register administrator, the Siun sote. A separate permission to link data on 
medication purchases and special reimbursements was achieved from the SII (diary number 110/522/2018). Only register- 
based data were utilized and, in accordance with Finnish legislation, consent from the patients was not needed. The study 
complies with the Declaration of Helsinki.

Results
HbA1c Trajectories
Data consisted of 9631 T2D patients of whom 9048 had at least one HbA1c measurement during the follow-up in 2014‒ 
2019. Excluded patients without HbA1c measurement in 2014–2019 were older, had more discordant diseases and 
complications but less healthcare contacts and antidiabetic medication use than those included in further analyses 
(Supplementary Table 2). Mean (SD) age of the patients was 69.2 (11.6) years and 47.2% were female (Table 2). 
Average time since T2D diagnosis was 8.9 (6.4) years and a patient had utilized an average 8.6 (4.5) different 
medications in 2013. The most frequently used antidiabetic medication in 2013 was metformin (33.9%) followed by 
insulin together with oral antidiabetic medication (22.0%).

A three-class cubic GMM was identified as the final, best fitting model with good interpretation for HbA1c 
development in 2014‒2019 (Supplementary Table 3, Figure 2). The selected model is graphically presented in 
Supplementary Figure 1. The model included variances for the intercept and linear slope growth factors but, however, 
intercept and linear slope growth factors were not allowed to correlate to improve model fit. For the selected trajectory 

Table 2 Baseline Characteristics and Variables Describing Treatment Monitoring During the Follow-Up Overall and by the Estimated 
HbA1c Clusters

Total 
Population

Stable, Adequate 
Glycemic Control

Fluctuating 
Inadequate 

Glycemic Control

Improving, But 
Inadequate 

Glycemic Control

n (%) 9048 (100.0) 7829 (86.5) 562 (6.2) 657 (7.3)

Baseline characteristics

Female, n (%) 4271 (47.2) 3732 (47.7) 255 (45.4) 284 (43.2)

Mean age (SD), years 69.2 (11.6) 69.3 (11.3) 68.5 (13.1) 69.2 (13.0)

Mean time since T2D diagnosis, years (SD) 8.9 (6.4) 8.3 (6.0) 11.7 (7.1) 13.6 (7.5)

HbA1c measured, n (%) 8604 (95.1) 7445 (95.1) 530 (94.3) 629 (97.9)

Mean HbA1c (SD), mmol/mol 48.8 (13.1) 46.1 (10.2) 59.9 (13.8) 71.3 (16.8)

LDL measured, n (%) 8397 (92.8) 7299 (93.2) 507 (90.2) 591 (90.0)

Mean LDL (SD), mmol/l 2.5 (0.9) 2.5 (0.9) 2.5 (0.9) 2.5 (0.9)

Total cholesterol measured, n (%) 7727 (85.4) 6695 (85.5) 480 (85.4) 552 (84.0)

Mean total cholesterol (SD), mmol/l 4.3 (1.0) 4.3 (1.0) 4.3 (1.0) 4.4 (1.2)

HDL measured, n (%) 7229 (79.9) 6261 (80.0) 439 (78.1) 529 (80.5)

Mean HDL (SD), mmol/l 1.2 (0.4) 1.3 (0.4) 1.1 (0.3) 1.1 (0.3)

Triglycerides measured, n (%) 7234 (80.0) 6265 (80.0) 440 (78.3) 529 (80.5)

Mean triglycerides (SD), mmol/l 1.5 (1.0) 1.5 (0.9) 1.7 (1.7) 1.8 (2.0)

(Continued)
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model, average posterior probability was 0.842, entropy 0.892 and Low-Mendel-Rubin likelihood ratio test p = 0.024. To 
note, some models had lower BIC than the selected model, but some of the extracted classes were too small (<5%) to be 
used in further analyses. The identified trajectories were named as “stable, adequate” (86.5%), “improving, but 
inadequate” (7.3%), and “fluctuating, inadequate” (6.2%) glycemic control clusters.

Table 2 (Continued). 

Total 
Population

Stable, Adequate 
Glycemic Control

Fluctuating 
Inadequate 

Glycemic Control

Improving, But 
Inadequate 

Glycemic Control

FPG measured, n (%) 7452 (82.4) 6468 (82.6) 447 (79.5) 537 (81.7)

Mean FPG (SD), mmol/l 7.9 (2.4) 7.6 (1.9) 9.2 (3.2) 10.5 (3.9)

Creatinine measured, n (%) 8845 (97.8) 7662 (97.9) 540 (96.1) 643 (97.9)

Mean creatinine (SD), µmol/l 78.3 (33.1) 77.5 (32.7) 83.2 (33.1) 82.9 (37.5)

BMI measured, n (%) 6855 (75.8) 5973 (76.3) 410 (73.0) 472 (71.8)

Mean BMI (SD), kg/m2 31.5 (6.3) 31.2 (6.1) 33.3 (6.5) 33.5 (7.5)

Concordant diseases, n (%) 7215 (79.7) 6174 (78.9) 484 (86.1) 557 (84.8)

Discordant diseases, n (%) 4630 (51.2) 3939 (50.3) 307 (54.6) 384 (58.4)

Prevalence of complications, n (%) 4083 (45.1) 3394 (43.4) 306 (54.4) 383 (58.3)

Microvascular 1980 (21.9) 1579 (20.2) 171 (30.4) 230 (35.0)

Macrovascular 3054 (33.8) 2545 (32.5) 231 (41.1) 278 (42.3)

Diabetes medication use in 2013, n (%)

Metformin only 3063 (33.9) 2950 (37.7) 76 (13.5) 37 (5.6)

Metformin + other OAD 1274 (14.1) 1122 (14.3) 82 (14.6) 70 (10.7)

Only other OAD than metformin or insulin 708 (7.8) 657 (8.4) 30 (5.3) 21 (3.2)

Insulin + OAD 1989 (22.0) 1423 (18.2) 253 (45.0) 313 (47.6)

Insulin only 826 (9.1) 556 (7.1) 97 (17.3) 173 (26.3)

No antidiabetics 1188 (13.1) 1121 (14.3) 24 (4.3) 43 (6.5)

Mean number of medications in 2013 (SD) 8.6 (4.5) 8.4 (4.4) 9.6 (4.8) 10.1 (5.2)

Mean number of comorbidities (SD) 6.6 (3.3) 6.6 (3.2) 6.9 (3.3) 7.1 (3.5)

Mean number of contactsa in 2013 (SD) 7.3 (8.7) 7.1 (8.4) 7.7 (9.0) 9.0 (11.6)

Mean number of HbA1c measurements in 2013 (SD) 1.7 (1.2) 1.6 (1.1) 1.9 (1.3) 2.0 (1.3)

Mean number of laboratory measurements in 2013 (SD) 11.7 (7.9) 11.4 (7.5) 12.9 (10.1) 14.0 (9.9)

Variables describing treatment monitoring during 
the follow-up in 2014‒2019b

No. of HbA1c measurements, mean (SD) 8.57 (5.38) 8.50 (5.29) 9.97 (5.78) 8.37 (5.89)

Mean HbA1c (SD) 55.0 (14.9) 52.1 (12.1) 73.7 (18.0) 72.2 (17.7)

Notes: aIncluding phone calls and visits to nurses and physicians. bMean follow-up 1948 days (5.3 years). 
Abbreviations: BMI, body mass index; FPG, fasting plasma glucose; HDL, high-density lipoprotein; LDL, low-density lipoprotein; OAD, oral antidiabetic drug or GLP-1 
analogue (incl. metformin, sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).
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Patients with inadequate glycemic control had longer duration of T2D, higher BMI and creatinine level, had more 
frequently comorbidities and higher prevalence of micro- and macrovascular complications than patients with stable, 
adequate glycemic control (Table 2). Additionally, antidiabetic medication structure differed by the HbA1c trajectories 
during the follow-up (Figure 3). Patients belonging to “improving, but inadequate” and “fluctuating, inadequate” 
trajectories used more often insulin only or insulin together with oral antidiabetic medication, but less often metformin 
only than patients from the “stable, adequate” trajectory.

Prediction Modelling
For prediction of the trajectory membership, “improving, but inadequate” (7.3%) and “fluctuating, inadequate” (6.2%) 
glycemic control trajectories were combined into one “inadequate” class. The binary classification was performed using 
LDA and NN models to predict the class membership (adequate/inadequate). Both models were trained in cascading 
order with the type of predictors mentioned in Table 1 using 4-fold cross-validation. For each cross-validation run, data 
was divided into four parts; three parts were used for training and one part for testing. Figures 4 show the best predictors 
selected for model training and testing for each predictor type.

Figure 2 Estimated HbA1c trajectories. Solid line represents average HbA1c and dotted lines 95% confidence interval for the mean.

Figure 3 Prevalence of antidiabetic medication use by the estimated HbA1c trajectories. Abbreviations: OAD, oral antidiabetic drugs or GLP-1 analogues (incl. metformin, 
sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).

https://doi.org/10.2147/CLEP.S380828                                                                                                                                                                                                                                 

DovePress                                                                                                                                                                    

Clinical Epidemiology 2023:15 20

Lavikainen et al                                                                                                                                                       Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


After each model was trained and tested for each predictor type for all four folds, the testing results were 
concatenated to make the final evaluation of the LDA and NN models. Table 3 shows the confusion matrix and three 
other evaluation parameter results for the complete analysis. Figure 5 shows the variation in the performance of both 
LDA and NN models over different folds for all predictor types. Figures 6 and 7 show the SHAP plots for the LDA and 
NN models for the Clinical + Treatment + SES (CTS) predictor type from the last split of the four-folds.

Every model performed well with a balanced accuracy of 85% and receiver-operating characteristic area under the 
curve (ROC AUC) ranging from 91% to 92% (Table 3). The kappa coefficient for all models ranged between 0.35 and 
0.4. The prediction of the inadequate class was more critical than the adequate class; therefore, the F1 macro score was 
used for the evaluation, which showed promising results with a score of 69% for LDA and 66% for NN. As more 

Figure 4 Feature importance plot for (A) Clinical (C), (B) Clinical + Treatment (CT), (C) and Clinical + Treatment + SES (CTS) models. OAD, oral antidiabetic drugs or 
GLP-1 analogues (incl. metformin, sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 
inhibitors). Other cardiac diseases refer to other diseases of the heart and pulmonary circulation.

Table 3 Models with Their Overall Performance After 4-Fold Cross-Validation

Predictors Model Confusion Matrix F1 Score Balanced Accuracy ROC AUC

Clinical LDA True Predicted Class 0.69 0.84 0.92

4394 726 Adequate

68 329 Inadequate

NN True Predicted Class 0.66 0.85 0.91

4191 929 Adequate

47 350 Inadequate

(Continued)
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predictors were added for prediction, the model’s mean performance was improved along with the model’s confidence as 
variance decreased (Figure 5). Of all the models, NN with CTS predictors was the best performing model for the 
inadequate class with the lowest number of misclassified samples and showed higher overall confidence.

Table 3 (Continued). 

Predictors Model Confusion Matrix F1 Score Balanced Accuracy ROC AUC

Clinical + Treatment LDA True Predicted Class 0.69 0.85 0.92

4405 715 Adequate

67 330 Inadequate

NN True Predicted Class 0.66 0.85 0.91

4202 918 Adequate

48 349 Inadequate

Clinical + Treatment + SES LDA True Predicted Class 0.69 0.84 0.92

4402 714 Adequate

70 326 Inadequate

NN True Predicted Class 0.66 0.84 0.91

4249 867 Adequate

57 339 Inadequate

Abbreviations: LDA, linear discriminant analysis; NN, neural network; ROC AUC; receiver operating characteristic area under the curve; SES, socio-
economic status.

Figure 5 Performance of Clinical (C), Clinical + Treatment (CT), and Clinical + Treatment + Socioeconomic (CTS) models over different splits in 4-fold cross-validation. 
LDA, linear discriminant analysis; NN, neural networks; ROC AUC; receiver operating characteristic area under the curve.

https://doi.org/10.2147/CLEP.S380828                                                                                                                                                                                                                                 

DovePress                                                                                                                                                                    

Clinical Epidemiology 2023:15 22

Lavikainen et al                                                                                                                                                       Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


The prediction of the membership to a trajectory pathway is not enough; it is equally important to be able to explain 
the reasons behind the prediction. While previous HbA1c levels, use of insulin only, fasting plasma glucose, duration of 
T2D, use of only metformin, use of insulin together with some OAD, and number of antidiabetic drugs were the most 
important predictors for CTS models training (Figure 4C), HbA1c level one year before showed the most significant 
influence in the prediction in both LDA and NN models (Figures 6 and 7). The SHAP summary plot (Figures 6 and 7) 
shows the overall impact of each feature in the order of importance, top being of the highest importance, with the ranging 
feature values. For any feature value, if the SHAP value is higher than 0, it indicates that the sample will belong to the 
inadequate class. For example, based on the SHAP summary plot (Figure 7), the probability of belonging to the 
inadequate class increased if any discordant disease or sleep disorder was present. In contrast, the total number of 
antidiabetic drugs had a negative effect on the prediction, ie, a higher number of diabetic medications decreased the 

Figure 6 SHAP summary plot for one of the linear discriminant analysis models for clinical + treatment + socioeconomic predictors. Six other features consist of estrogens, 
diseases of female sex organ, adrenergic inhalations, discordant diseases, insulin + OAD, and T2D duration in years. OAD, oral antidiabetic drugs or GLP-1 analogues (incl. 
metformin, sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).

Figure 7 SHAP summary plot for one of the neural network models for clinical + treatment + socioeconomic predictors. OAD, oral antidiabetic drugs or GLP-1 analogues 
(incl. metformin, sulfonylureas, combinations of oral blood glucose lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).
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probability of inadequate glycemic control. Furthermore, the SHAP decision plot (Figure 8) illustrates the decision 
process of the NN model for the given five samples. The decision process for prediction starts at the base value, around 
51% in the NN model for CTS predictors, and then SHAP computes the Shapley values to estimate the effect of each 
predictor. Once the base and Shapley values are estimated, the decision plot illustrates the effect of each predictor in the 
order of impact to arrive at the final prediction probability aka, the model output value (from bottom to top in Figure 8). 
Samples plotted with solid lines are correctly predicted samples, and the sample plotted with a dash-dot line is the 
incorrectly predicted sample. The incorrectly predicted sample was initially estimated to belong to the adequate class 
established by the GMM model; however, NN anticipated it to belong to the inadequate class with a probability of around 
58%, while the base is at around 51%.

Discussion
This study captured variability in HbA1c by identifying three trajectories in heterogeneous T2D patients with similarities 
in HbA1c development over a 6-year follow-up. Prior glucose levels, time since T2D diagnosis, use of insulin only, use 
of insulin with some oral antidiabetic medication, use of only metformin, and the number of antidiabetic medications 
were the most important predictors for estimating the membership of the glycemic control class. We used binary 
classification to predict the trajectory membership to distinguish those with optimal, adequate treatment balance 
(86.5%) from those with inadequate treatment balance (13.5%). Overall, the prediction model was of high performance. 
In addition, the study showed that by using SHAP values, we could explain the reasons behind the predictions at both 
population and individual levels.

As expected, the extracted three trajectories resemble those identified in previous studies.32–38 Typically, two to six 
HbA1c trajectories have been identified, of which the biggest one has been similar to the “stable, adequate” observed in 
our study, with sizes varying between 44.7% and 88.7%. However, studies have differences in the study designs, follow- 
up times and patient groups; therefore, comparing the study results is complicated. In a Dutch study conducted among 
newly diagnosed T2D patients, three HbA1c trajectories were identified, and trajectory membership was predicted with 
machine learning methods.39 A “stable, adequate” (76.5%) trajectory similar to ours was extracted in that study. 
The second identified trajectory was “improved glycemic control” (21.3%), which had the same shape as our “improving, 

Figure 8 SHAP decision plot of five samples from one of the neural network models for clinical + treatment + socioeconomic predictors. Four correctly and one 
incorrectly predicted sample. Samples plotted with solid lines are correctly predicted samples, and the sample plotted with a dash-dot line is the incorrectly predicted 
sample. Legend of the plot marks the true classes. OAD, oral antidiabetic drugs or GLP-1 analogues (incl. metformin, sulfonylureas, combinations of oral blood glucose 
lowering drugs, glitazones, DPP-4 inhibitors, glinides, GLP-1 analogues, and SGLT2 inhibitors).
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but inadequate” trajectory but with lower HbA1c values. The third trajectory, “deteriorated glycemic control” (2.2%), 
was also of the same shape as the “improving, but inadequate” of ours, but with higher HbA1c values. BMI, HbA1c, and 
triglyceride levels were the most important predictors of trajectory membership found in that study. Moreover, when we 
used our data to test the trained model of the Dutch study, we found that the model failed to predict the correct 
association between glycemic control classes. It predicted only 33 samples to be adequate, while 4902 samples in our 
data belonged to the adequate class and predicted 4933 samples to belong in the inadequate class while our data 
contained only 298 samples in that class. The most significant difference between our study and theirs was that their 
cohort was more diverse than ours, being only Finnish citizens, and all patients were newly diagnosed. In contrast, our 
data represented one region in Finland, and patients were diagnosed with T2D in the range of 2 to 47 years consisting of 
a very heterogeneous group of T2D patients in different phases of the disease.

Both LDA and NN models performed exceptionally well in predicting the membership into the glycemic control 
classes. All the final models reached a balanced accuracy of 85% with increasing confidence as more types of predictors 
were added. Three different predictor types were defined and used for classification in cascading order. The first type, 
clinical, was used as a baseline model to see how well the model predicted the association and later, more predictors of 
different types, such as treatment and SES factors, were added to potentially improve the prediction performance, 
increase the confidence, and lower the misclassification cost. Data imbalance in the class was significant and affected the 
model’s performance. In our other experiments, when the model performed very well in the inadequate class, the 
misclassification for the adequate class increased quickly and vice versa. The trade-off between the two classes was very 
sensitive, and these models were optimized to find a perfect balance. It is reasonable to say that the misclassification cost 
of the inadequate class is higher than that of the adequate class, as the patients with an increased risk of deteriorating 
health are more important to be identified. The insufficiency of the data for deteriorating and improving trajectories also 
led to opting for binary classification instead of multi-class classification, similar to the related previous study.39 Many 
experiments were performed; however, none of the models succeeded in distinguishing between deteriorating and 
improving trajectories; therefore, the trajectories were combined, and binary classification was performed against the 
adequate class.

Prior glucose levels, time since T2D diagnosis, use of antidiabetic drugs, and the number of antidiabetic drugs in use were 
the most important predictors for the treatment balance, which are also readily available for clinicians from the EHRs. Based 
on the SHAP summary plot, low blood glucose levels in previous years decreased, whereas the longer duration of T2D and 
use of insulin only increased the probability of belonging to the inadequate class. In addition, the probability of inadequate 
glycemic control decreased along with an increasing number of antidiabetic drugs. It is reasonable as antidiabetic medica-
tions are add-on treatments – treatments are intensified by adding treatments to the existing ones, which should also benefit 
HbA1c.9–12 However, even though the target is to intensify the treatment following the HbA1c levels and add or change 
medication when needed, the use of drugs is not always optimal.40 For the SHAP decision plot, three types of samples, two 
from each class and one incorrectly predicted sample, were selected to show the take of different predictors for diverse 
samples in estimating the model prediction. It is important to note that the interpretation of the SHAP plot cannot be read as 
changing one feature value will change the prediction probability directly; instead, the interaction of the features needs to be 
considered as features are either linearly or non-linearly correlated with each other. The SHAP plots assume the variables to 
be independent; however, in real-world data, especially in healthcare data, the assumption of absolute independence of 
variables is not adequate—this forces us to keep in mind that the findings from the SHAP plots should not be followed 
blindly. Furthermore, when the SHAP decision plot is plotted for multiple samples, the average impact of features is 
considered, meaning that the influence of each feature is individual to per sample’s prediction, hence the order of features in 
plot changes as more samples are added. The SHAP decision plot for each selected sample individually with feature values 
can be found in Supplementary Figure 2.

Strengths of this study include the inclusion of all T2D patients from the North Karelia region, which allowed us to 
avoid selection bias, whereas using EHRs as a data source allowed us to avoid recall bias. In the study area, HbA1c and 
cholesterol, for example, are tested in the same regional laboratory with the same standardized methods. Generally, the 
Finnish health care system enables continuous monitoring of patients from the EHRs until death or moving out of the 
study area, with some exceptions in certain areas.

Clinical Epidemiology 2023:15                                                                                                      https://doi.org/10.2147/CLEP.S380828                                                                                                                                                                                                                       

DovePress                                                                                                                          
25

Dovepress                                                                                                                                                      Lavikainen et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=380828.pdf
https://www.dovepress.com
https://www.dovepress.com


Our study has some limitations. First, we did not have external data to validate our study results. Therefore, the 
generalizability of the prediction model results and efficacy remain unknown. Although cross-validation was used in 
building the prediction models, it is essential to note that the prediction performance is susceptible to the data samples; 
the performance varies depending on which samples fall in the training or testing set. As more predictors were added, the 
models became more confident, yet variation was still present as expected for all real-world healthcare data. Second, 
a notable proportion of missing data on laboratory assays limited the use of these variables as predictors of trajectory 
membership. However, this is almost unavoidable when utilizing real-world data from EHRs. Third, the FPR does not 
contain data on medication use during hospital stays of over 90 days (about 3 months), and over-the-counter medication 
purchases are not registered in the FPR. In addition, even though we had FPR data on medication purchases, medication 
adherence remained unknown. Fourth, the two trajectories with inadequate treatment balance were combined for 
prediction purposes into one class as they were challenging to predict separately. However, as the trajectories had 
similarities in the fluctuation of HbA1c above good treatment balance and anti-diabetic medication use throughout the 
follow-up, combining the trajectories was justified. Fifth, we had only small-area level data on SES factors. For future 
work, personalized SES factors of the patient could help the prediction model to be more accurate and personalized. 
Sixth, we did not have information on specialist diabetes care and hospital admissions, which could have been important 
predictors of inadequate treatment balance.

The findings of this study are encouraging as patients with continuously inadequate treatment balance can be 
predicted with confidence based on patients’ characteristics at any point of the disease course. Glycemic variability 
was captured by extracting three HbA1c trajectories, which were further classified into patients with stable, adequate 
glycemic control (86.5%) and those with inadequate, suboptimal glucose levels over six years (13.5%). The NN model 
with CTS predictors gave correct predictions for 82.5% of the patients in the adequate class and 86.6% in the inadequate 
class. In previous studies, HbA1c trajectories have been observed to be associated with micro- and macrovascular 
complications.34,37 Identification of the clusters of patients with challenges in T2D care provides a tool that can support 
clinicians in further treatment planning, which also offers a possibility for optimizing the use of health care resources. 
More intense care could be allocated to patients with challenges in their treatment balance, whereas those with adequate, 
optimal HbA1c values could have less frequent monitoring of their HbA1c levels.

Conclusion
This study identified three HbA1c trajectories of which binary classification of adequate or inadequate long-term 
glycemic control was formed for prediction purposes. The extracted trajectories were in line with previous publications 
with most patients having stable, adequate long-term glycemia over 6-year follow-up. Inadequate long-term glycemic 
control could be predicted with confidence utilizing information from previous HbA1c levels and fasting plasma glucose, 
duration of T2D, and use of antidiabetic medications. Our findings suggest that heterogeneity in long-term treatment 
outcomes is predictable with patient’s unique risk factors. This, in turn, offers a useful tool to support treatment planning 
in the future. However, future studies are needed to obtain even more accurate and personalized predictions.
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