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Abstract
Background: The continuous glucose monitoring techni-
que is recommended for follow-up of individuals with diabe-
tes type 1. For those with diabetes type 2, glucose variability 
measures, either performed automatically or by visit-to-visit 
method, can be used to complement glycosylated haemo-
globin (HbA1c) in predicting long-term outcomes.

Methods: A-proof-of-concept study, conducted in primary 
care. A total of 63 variables were used from electronic he-
alth records to describe clinical characteristics of 110 indi-
viduals with diabetes type 2 of both gender, 40-86 years 
old (average 62.69), and on treatment with oral hypoglyca-
emic drugs. The artificial neural networks (ANN) of machine 
learning techniques was used to model inter-day glucose 
variability based on the estimation of variances (the square 
of the standard deviation) of sporadically recorded fasting 
and postprandial (2h after breakfast) glucose measuremen-
ts as the outcome measures. Model of increased HbA1c (≥ 
7%) was used as the benchmark. The number of variables 
for modelling was reduced by using the pre-processing 
method. Multiple linear regression (MLR) models were per-
formed on the prepared subsets to compare to the predicti-
ve accuracy of ANN models.

Results: A higher glucose variability, for both fasting and

postprandial glucose variances, was associated with higher 
HbA1c values (Q1-Q4 differences, p = 0.002 and 0.006, re-
spectively). The two top-ranked variables in ANN models 
of glucose variability were the same, indicating HbA1c and 
glomerular filtration rate, a measure of chronic renal impair-
ment. MLR models of glucose variability did not give the 
significant predictors.

Conclusions: For created models of glucose variability, to 
become practically useful, their outcome measures should 
be dichotomised and standardised according to the thre-
sholds of HbA1c or some standardised measures of gluco-
se variability, such as the coefficient of variation.

Keywords
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Introduction
Diabetes mellitus type 2 (DM2) is a global public 

health issue due to its close associations with obesity, 
hypertension and other comorbidities, and a progres-
sion towards serious complications, such as heart at-
tacks, heart failure, kidney failure, dementia, blindness 
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and lower limb amputations [1]. Besides the obligation 
to provide individuals with DM2 with counselling for 
healthy lifestyle, a responsibility of health care provid-
ers is also in making decisions for personalised pharma-
cological treatments. The guidelines recommend main-
taining the blood glucose levels within the ranges of 
target values, the aim of which is a twofold: to avoid the 
medication-induced low blood glucose (hypoglycaemia) 
while reducing the deleterious effects of chronic hyper-
glycaemia on target organs and the vasculature [2].

The main constraint in making the choices of medi-
cation therapy is the lack of relevant information on 
diabetes control. For example, a tight diabetes control 
in older individuals with DM2 and comorbidities and 
target organs involvement is difficult to achieve, as the 
precise knowledge on factors influencing glycaemic 
control in these individuals is scarce [2]. Some of the 
mechanisms may include increased inflammation and 
oxidative stress, by which inflamed target organs tis-
sues may worsen insulin resistance [3]. The recent re-
ports suggest an inflammatory marker, neutrophil/lym-
phocyte ratio, as a new measure of diabetes control [4]. 
Some non-diabetic drugs, acting alone, or in the concert 
with other drugs, can interfere with the blood glucose 
levels [5].

Glycosylated haemoglobin (HbA1c), a measure of av-
erage blood glucose in the past three months, has been 
historically used as a measure of the overall glycaemic 
control, and as a surrogate marker for the development 
of long-term diabetes complications [6]. According to 
the current guidelines, HbA1c values below 7% indicate 
optimal glycaemic control [2]. A limitation of this meas-
ure is a lack of information on acute glycaemic varia-
tions, and an inability to predict acute hypoglycaemic 
events [7]. In addition, individuals with the same HbA1c 
value may have different mean glucose concentrations 
[8]. In the era of personalised medicine, HbA1c, if taken 
alone, is not sufficient to guide decisions on treatment 
[9].

Based on the recent technology advances, continu-
ous glucose monitoring (CGM) has increasingly been 
used in clinical practice [10]. This method was proved 
as to be preferable over the self-monitoring of blood 
glucose (SMBG) method in guiding decisions on treat-
ment in individuals with type 1 diabetes [11]. In particu-
lar, CGM can provide information on current glucose 
levels and excursions, allowing individuals with type 1 
diabetes to optimise insulin therapy and dietary intake, 
to prevent acute hypoglycaemic events. In individuals 
with DM2, in whom the hypoglycaemic events are less 
prominent, CGM has not yet been routinely used [12]. 
Preliminary evidence suggests that a use of CGM in 
these individuals, by quantifying time below, within, and 
above the established glycaemic targets, can promote 
adherence to lifestyle behaviour, and better glycaemic 
and weight control, when compared with traditional 

SMBG method [13]. Recently, the International Consen-
sus Group has established target percentages of “time 
in range” categories for specific diabetes populations 
to enable effective therapeutic decision making within 
the parameters of the established glycaemic goals [12]. 
Standardisation of this key CGM measure is expected to 
facilitate CGM use as a tool to guide personalised treat-
ment of many individuals with diabetes, thus reducing 
the risk of long-term diabetes complications [14].

This is a proof-of-concept study. In a primary care 
(PC) setting, CGM technology is not widely available. 
The most of the diabetic population in PC are indivi-
duals with DM2, which are heterogeneous due to va-
riations in the number and structure of comorbidities 
and prescribed medications. For this part of the diabetic 
population, to whom continuous monitoring of blood 
glucose is not necessary to perform, we suggest the 
use of simple measures of glucose variability, which can 
be estimated from fasting and postprandial (2 h after 
breakfast) blood glucose data, sporadically recorded in 
electronic health records (eHRs), as it is usually the case 
in PC. Although simple-to-estimate, these measures are 
able to capture the highest glucose excursions (both in-
crements and decrements) over daytime [10]. We have 
also used a number of data from eHRs to model clinical 
profiles of individuals with increased glucose variability. 
We believe these models would help the PC providers in 
recognising individuals who are candidates for assessing 
the risk for negative outcomes.

Methods

Study subjects and design
This was a retrospective observational and analytical 

pilot study conducted from October 1, 2016, to Janu-
ary 31, 2017, in two PC practices, in eastern Croatia. 
Participants were individuals diagnosed with DM2. The 
number of participants included in the study exceeded 
100 (N = 110), which is the minimal number of subjects 
recommended for data modelling [15]. They were of 
both gender, and 40-86 years old (average 62.69). Data 
was collected during encounters, in a four-month last-
ing recruitment process. This was a sufficiently long pe-
riod that all individuals who adhere to treatment with 
oral hypoglycaemic drugs (OHDs) rotate. During this pe-
riod, participants were invited several times for blood 
glucose measurements. They were informed about the 
purpose of the study and all signed their informed con-
sent for participation in the study and for the possible 
publication of the study results.

Data set
Overall, 63 variables were used to describe char-

acteristics of participants (Part I of Appendix Table 1) 
and regimen treatments (Part II of Appendix Table 1). 
A major part of the data was used from eHRs, including 
general data, information on diabetes duration and age 
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Table 1: Multiple linear regression models predicting fasting and postprandial glucose variability and HbA1c.

Fasting glucose variability

An explanatory variable t-value Pr(> |t|) Coefficient CI

5% 95%
Glomerular filtration rate (mL/min/1.73 m2) 0.838 0.405 0.02 -0.02 0.06

Haematocrit (%) 0.492 0.654 2.137 -5.11 9.384

HbA1c (%) 0.574 0.568 0.125 -0.239 0.49

Albuminuria (mg/24h) = No 0.735 0.465 0.652 -0.829 2.133

Comorbidities: Dg of musculoskeletal disease = No 0.674 0.503 0.457 -0.676 1.591

Comorbidities: Dg of the upper gastrointestinal tract disorders = Dyspepsio -0.357 0.723 -0.231 -1.315 0.853

Comorbidities: Dg of the upper gastrointestinal tract disorders = Gastritis 
(confirmed by gastroscopy

0.761 0.449 0.617 -0.737 1.972

A type of oral antidiabetic drugs (metformin) = Yes 1.098 0.277 1.216 -0.633 3.064

A type of oral antidiabetic drugs (sulfonlurea group) = Yes 1.461 0.149 1.083 -0.155 2.322

An antidiabetic drug in use > 6 months = Yes 1 0.368 0.714 0.315 -1.113 1.742

Antidiabetic drugs in use > 6 months = 2 or more 0.602 0.549 0.526 -0.932 1.923

Hypolipidemic drug statins = Yes 0.924 0.359 0.5 -0.404 1.402

Physical activity every day 1 0.321 0.675 -0.452 1.801

(self-reported) = Yes

Physical activity level - general (self-reported) = good 1.213 0.23 0.886 -0.333 2.105

Postprandial glucose variability

An explanatory variable t-value Pr(> |t|) Coefficient CI
5% 95%

Waist circumference (cm) 0.569 0.571 0.017 -0.033 0.068

Glomerular filtration rate (mL/min/1.73 m2) 1.198 0.235 0.032 -0.013 0.078

Lymphocyte % 1.716 0.091 0.099 0.003 0.194

HbA1c (%) 1.677 0.098 0.534 0.003 1.065

Dg of autoimmune disease = Yes 1.136 0.26 1.507 -0.705 3.718

A type of oral antidiabetic drug (repaglinid or acarbose) = Yes -0.001 0.999 -0.002 -2.188 2.185

Hypolipidemic drug statins = Yes 0.643 0.523 0.506 -0.807 1.818

Antidepressant drugs = Yes 1.195 0.236 1.348 -0.533 3.23

Meat meal every day 1.211 0.23 0.929 -0.531 2.21

(self-reported) = Yes

Physical activity level - general (self-reported) = good 1.113 0.27 0.947 -0.473 2.366

Increased HbA1c

Explanatory variables t-value Pr(> |t|) Coefficient CI

5% 95%

Mid-arm circumference (cm) 0.879 0.383 0.012 -0.01 0.034

Glomerular filtration rate (mL/min/1.73 m2) 1.27 0.209 0.014 -0.004 0.032

C-reactive protein (mg/L) 1.637 0.107 0.109 -0.002 0.219

Neutrophil % 3.315 0.002 0.038 0.019 0.057

Haematocrit (%) 1.687 0.097 3.95 0.037 7.864

LDL-cholesterol (mmol/L) 1.51 0.136 0.269 -0.029 0.567

Triglycerides (mmol/L) 1.525 0.132 0.082 -0.008 0.173

Gender (M,F) = Female 2.114 0.039 0.65 0.136 1.164

Sleep disorders (self-reported) = Yes 1.413 0.163 0.496 -0.09 1.083

Albuminuria (mg/24h) = Yes 1.828 0.072 0.75 0.065 1.435
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grees of glucose variability (Figure 1). The Kolmogorov-
Smirnov test was used to calculate Q1-Q4 differences.

Modelling predictors of glucose variability
Managing older individuals with multiple medical 

conditions, such as those with DM2, is as dealing with 
the complex system [18]. In statistical terms, this means 
non-linear associations, interdependence, collinearity, 
and networking between the variables. By contrast, 
classical multiple linear regression (MLR) models are 
based on the assumptions of independence of the in-
put variables, linearity between dependent and inde-
pendent variables, normality of the residuals, and the 
absence of endogenous variables [15].

As there was a need to use more robust regression 
models, for which there are no theoretical constraints 
for data modelling, we have performed the artificial 
neural networks (ANN) algorithm of machine learning 
(ML) methods [19]. The variances of fasting and post-
prandial blood glucose measurements were used as the 
output measures.

The artificial neural networks (ANN) method is 
known to be robust and to not require strong assump-
tions on the distributions and interdependence of the 
predictors. It uses a multi-layered structure to imitate 
the multiprocessing of biological networks [19]. The 
ANN model for predicting increased HbA1c (≥ 7.0%) was 
performed to serve as the benchmark. A specific type 
of ANN method used in this study was the multilayer 
perceptron (MLP).

In searching for the most accurate model, different 
numbers of hidden units, varying from 1 to 20, were 
used in ANN architectures with one hidden layer or two 

of onset, diagnoses of other chronic diseases (indicating 
diabetes comorbidities), and information on medica-
tions prescription. The laboratory data was used from 
PC laboratory templates. Laboratory tests were per-
formed as a part of periodic chronic disease surveillance 
or preventive check-ups.

Information on non-pharmacological regimens and 
some conditions for which evidence indicated their 
associations with impaired glucose metabolism, such 
as sleep and cognitive disorders, was collected by par-
ticipant self-reports [16,17]. Anthropometric measure-
ments, if not updated in eHRs, were taken from partici-
pants during encounters.

Blood glucose values, which are necessary for esti-
mating glucose variability, were obtained from partici-
pants by using a glucometer device and in 6-8 routes 
of random measurements (Appendix Table 1). A value 
of HbA1c for each participant was taken from eHRs, as 
measured in the period under study as a part of the pe-
riodic surveillance of individuals with DM2 (Appendix 
Table 1).

Measuring glucose variability
The variance, a statistical measure defined as the 

square of the standard deviation (SD2), was used as a 
measure of inter-day glucose variability, for both fasting 
and postprandial (2 h after breakfast) glucose variations 
[10]. This statistical measure demonstrates the extent 
of variability by taking into account the mean of glucose 
values.

The box-plot diagrams of HbA1c according to Q1-Q4 
of variances of fasting and postprandial glucose values 
were used to show how HbA1c values depend on de-

Comorbidities: Dg of musculoskeletal disease = Yes 0.357 0.722 0.111 -0.408 0.63

A type of oral antidiabetic drug (metformin) =Yes 2.495 0.015 1.244 0.411 2.077

A type of oral antidiabetic drug (repaglinid or acarbose) = Yes 1.213 0.23 0.557 -0.21 1.325

Hypolipidemic drug statins = Yes 0.654 0.515 0.171 0.266 0.608

Hypolipidemic drugs other than statins = Yes 0.783 0.437 0.311 -0.353 0.975

Antipsychotic drugs = Yes 1.826 0.073 2.413 0.205 4.62
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Figure 1: Associations between fasting glucose variance (SD^2) and HbA1c (left) and between postprandial (2 hr after 
breakfast) glucose variance (SD^2) and HbA1c (right). Q1-Q4 differences (two-sample Kolmogorov-Smirnov test) (p = 0.002, 
and p = 0.006).
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The variable importance procedure was conducted on 
all three ANN models (Figure 2 and Figure 3). In both 
models of glucose variability, the two top-ranked vari-
ables were the same, indicating HbA1c and glomerular 
filtration rate, a marker of reduced renal function (Fig-
ure 2).

The MLR models were performed on the selected 
variables, to compare to the predictive accuracies of 
ANN models (Table 1).

For testing differences between the models, the 
minimum mean squared error (MSE), and a more ex-
planatory symmetric mean average percentage error 
(SMAPE), were used (Table 2) [21]. The SMAPE is an av-
erage of the absolute percentage errors, although these 
errors are computed using a denominator represent-
ing the average of the predicted and observed values. 
The SMAPE has an upper limit of 200%, offers a well-
designed range to judge the level of accuracy, and is less 
strongly influenced by extreme values. The lowest value 
shows the best model.

and three hidden layers.

Due to the large number of variables used for par-
ticipants` description, the variable reduction procedure 
was conducted using the Spearman`s rank correlation 
coefficient and the best-first search algorithm [20]. This 
algorithm selects the subsets of input variables and 
cross-validates the model by training and testing. Based 
on this procedure, the number of input variables was 
significantly reduced: to 12 predictors for fasting glu-
cose variability as an output; to 10 predictors for post-
prandial glucose variability as an output; and to 16 pre-
dictors for HbA1c as an output (Figure 2 and Figure 3).

The cross-validation procedure is a re-sampling 
method, used to evaluate the performance of ML mod-
els when the amount of data is limited [19]. It provides 
a model with the opportunity to train on multiple train-
test splits, i.e. to predict how well the model will per-
form on unseen data. The data is separated into two 
sets, called the training set and the testing set. The pre-
dictive model built on the training set is validated on the 
test set. In our study, we used the 70:30 partition ratio. 
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Figure 2: Variable importance of ANN model of fasting glucose variability (left) and postprandial (2 hr after breakfast) glucose 
variability (right).
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glucose variability indicate albuminuria, while in ANN 
model of postprandial glucose variability, on the third 
position is a variable indicating lymphocyte % (Figure 2, 
right).

In ANN model of increased HbA1c, the top-ranked 
variables indicate triglycerides, glomerular filtration 
rate, albuminuria, and neutrophil % (Figure 3).

Results of assessing predictive accuracies of ANN 
models have shown that the accuracy is better when 
predicting increased HbA1c than when predicting glu-
cose variability, with MSE = 0.17, and SMAPE = 1.47% 
(Table 2).

No one of variables in either of the two MLR models 
of glucose variability showed significance as an inde-
pendent predictor of glucose variability (Table 1).

The predictive power of MLR model of fasting glu-
cose variability was MSE = 2.47, and SMAPE = 69.50%. 
For MLR model of postprandial glucose variability, the 
predictive power was MSE = 6.79, and SMAPE = 9.64% 
(Table 2).

The MRL model of increased HbA1c showed better 
predictive accuracy than the previous two, with MSE = 
1.66, and SMAPE = 13.44% (Table 2). Some variables, 
like those indicating neutrophil %, F gender, and thera-
py with metformin, were significant at the level of 0.05 
(Table 1).

Discussion
This preliminary research showed that it is possible, 

in individuals with DM2 and receiving OHDs, by using 
routinelly collected data from PC eHRs, to identify pre-
dictors of a higher risk for long-term negative outcomes. 
A ML-based approach (ANN models) was used to model 
data describing many clinical characteristics of partici-
pants. The classical MLR method was used to check the 
predictive accuracy of variables selected in ANN models.

Both type of methods were more successful in pre-
dicting increased HbA1c than in predicting glucose vari-
ability. The reason may be the fact that the outcome 
measure, used to indicate glucose variability, lacks 
standardisation regarding cut-off values that would be 
complementary to the threshold of increased HbA1c. 
The only statistical measure for which it was done, is a 
coefficient of variation (CV%), with the cut-off of 36% 
[12]. To create the adequate model, a large sample 
would be necessary.

Although both type of models (MLR and ANN) were 
based on the same set of selected variables, ANN mod-
els, especially that indicating increased HbA1c, showed 
as to be preferable over MLR models (Table 2). In ad-
dition, the variable importance procedure, performed 
on ANN models, has enabled better insights into clinical 
contexts (Figure 2 and Figure 3). That ML methods are 
suitable for issues for which there is a need to cope with 

Results

Results of assessing glucose variability
The Q4 of fasting or postprandial glucose variance, 

compared to Q1, is considered as a higher level of glu-
cose variability.

A considerable part of subjects in Q1 of fasting glu-
cose variance had HbA1c values which are within the 
range of normal HbA1c values, while a majority of sub-
jects in Q4 had increased HbA1c values (≥ 7%). The Q1-
Q4 difference was statistically significant (p = 0.002) 
(Figure 1, left).

An association between Q1-Q4 of postprandial glu-
cose variance and HbA1c, also showed statistically sig-
nificant difference (p = 0.006) (Figure 2, right). Com-
pared to Q4 of fasting glucose variance, in Q4 of post-
prandial glucose variance, more subjects had HbA1c val-
ues which are within the range of normal HbA1c values. 

Results of modelling predictors of glucose vari-
ability

Based on the variable reduction procedure, for 
fasting glucose variability, the number of variables for 
modelling by the ANN method, was reduced to twelve. 
Those were variables indicating:

HbA1c, glomerular filtration rate, albuminuria, dg 
of musculoskeletal disease, use of statins, haematocrit, 
physical activity every day, dg of upper gastrointestinal 
tract disorders, more than 6 months use of OHD, use of 
metformin, use of sulfonilurea group drugs, and physi-
cal activity level in general good.

The number of selected predictors in ANN model of 
postprandial glucose variability was ten, indicating:

HbA1c, glomerular filtration rate, lymphocyte %, dg 
of autoimmune disease, activity level in general good, 
eating meat every day, statins use, use of antidepres-
sant drugs, use of repaglinid or acarbose, and waist cir-
cumference.

For ANN model of increased HbA1c, there were six-
teen predictors, indicating:

triglycerides, glomerular filtration rate, albuminu-
ria, neutrophil %, haematocrit, mid-arm circumference, 
C-reactive protein, use of metformin, F gender, use of 
repaglinid or acarbose, use of statins, sleep disorders, 
LDL-cholesterol, hypolipidemic drugs other than statins, 
dg of musculoskeletal disease, and antipsychotic drugs.

Figure 2 and Figure 3 show the importance order of 
input variables of three ANN models.

It can be seen that the first two-ranked variables are 
the same in both ANN models of glucose variability, in-
dicating HbA1c and glomerular filtration rate (Figure 2, 
left).

The third-ranked variable in ANN model of fasting 
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higher dispersion of mean glucose value patterns and 
thus with increased glucose variability [26].

Chronic renal impairment in older adults is a conse-
quence of comorbidities of diabetes and related meta-
bolic and cardiovascular (CV) disorders, which, in turn, 
has an effect on changes in body shape and whole-body 
homeostasis, by mechanisms such as chronic inflam-
mation, protein catabolism and malnutrition [27]. The 
hallmark of diabetes related renal impairment is albu-
minuria, which is also known as an independent CV risk 
factor [28]. By mechanisms such as chronic inflamma-
tion and disturbed rheology, chronic renal impairment 
may futher worsen insulin resistance and glucose relat-
ed metabolism [29].

All these pieces of evidence, indicating a pathophysi-
ology scenario which can be described as chronic renal 
impairment - chronic inflammation - disturbed blood 
rheology, are likely to be suggested by the top ranked 
variables in ANN models. These variables include: tri-
glycerides, glomerular filtration rate, albuminuria, neu-
trophil %, haematocrit, mid-arm circumference, and C-
reactive protein (in ANN-HbA1c model) (Figure 3); glo-
merular filtration rate and albuminuria (in ANN-fasting 
glucose variability model) (Figure 2); and glomerular 
filtration rate and lymphocyte % (in ANN-postprandial 
glucose variability model) (Figure 2). The neutrophil-
to-lymphocyte ratio has recently been recognised as 
a marker of chronic renal impairment, and as a good 
measure of glycaemic control, being comparable to 
HbA1c [4,30]. The importance of this derived parameter 
is likely to be highlighted by these results, and especially 
with the result of MLR-HbA1c model, which indicates 
the variable “neutrophil %” as an independent predic-
tor (Table 1).

The small predictive power of variables selected in 
the created models is in contrast to the models` satis-
factory performances. This is especially case in ANN-
HbA1c model, which is characterised with very good 

the biological complexity, we know from our previous 
research [22,23].

The study results indicate that two type of measures 
of glycaemic control, HbA1c, and variances of fasting 
and postprandial glucose measurements, are partially 
complementary to each other. One implication is that 
both measures should be used for risk prediction, The 
recent longitudinal study demonstrated that individuals 
with higher visit-to-visit variability of glycaemia (based 
on measuring CV) have an increased risk of developing 
micro- and macrovascular complications and mortal-
ity [24]. Another implication of the complementarity 
between the outcome measures is that HbA1c-based 
model and glucose variability-based models share com-
mon sets of variables.

In this terms, results of QQ analysis showed that the 
principle, the higher variances of fasting and postpran-
dial glucose, the higher HbA1c, is only partly true, as 
there are participants with a higher glucose variability 
(Q4) who do not have increased HbA1c, and vice versa, 
a considerable part of those with increased HbA1c are 
at a lower level of glucose variability (Q1) (Figure 1). In 
addition, from models indicating increased HbA1c, it 
can be seen that HbA1c might be influenced by other 
factors than the level of glucose exposure (Table 1 and 
Figure 3). And oppositely, glucose variability measures 
are likely to be influenced by a wide range of factors, 
each having a small contribution but neither reaching a 
power as an independent predictor, thus demonstrat-
ing a behaviour as a complex system (Table 1 and Figure 
2). Among these factors, HbA1c plays an important role 
(ANN models of glucose variability) (Figure 2) but still 
not as a dominating, independent predictor (MLR mod-
els of glucose variability) (Table 1).

Evidence suggests chronic renal impairment as a co-
morbid condition which attenuates HbA1c as a measure 
of glycaemic control by weakening its association with 
mean glucose values [25]. This is also associated with 

Table 2: Results of testing differences in prediction accuracies between the created ANN, and MLR models.

ANN model ANN architecture MSE on the test sample SMAPE on the test sample (%)
Fasting glucose variability 2 hidden layers 5.23 23.69

Postprandial glucose variability 1 hidden layer 30.58 33.24

Increased HbA1c 1 hidden layer 0.17 1.47

ANN: Artificial neural networks; HbA1c: Glycosylated hemoglobin A1c; MSE: Mean squared error; SMAPE: Symmetric mean 
average percentage error.

MLR model Model’s size MSE on the test sample SMAPE on the test sample (%)

Fasting glucose variability number of explanatory 
variables = 14** 2.47 69.50

Postprandial glucose variability number of explanatory 
variables = 10 6.79 99.64

Increased HbA1c number of explanatory 
variables = 16 1.66 13.44

MLR: Multiple linear regression; **The variables “Dg of the upper gastrointestinal tract disorders” and “Antidiabetic drugs in use > 
6 months” was split into the two components.

https://doi.org/10.23937/2377-3634/1410121
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able in PC, can be used. All predictive variables showed 
small contribution to the overall model`s predictive 
power, reflecting the complexity of individuals in the 
sample. For models, to become useful in a practice, it 
is necessary that outcome measures are dichotomised 
and standardised according to the thresholds of HbA1c 
or some standardised measures of glucose variability, 
such as the coefficient of variation.
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Appendix Table 1: Input parameters description. 

Variable name* Variable type Descriptive statistics
Part I. Parameters which describe patients characteristics

Age (years) Continuous Min.: 40.00, Max.: 86.00, 

Mean: 62.69 

Diabetes duration (years) Continuous Min.: 1.0, Max.: 57.0, Mean : 8.3 

Age diabetes diagnosed (years) Continuous Min.: 35.0, Max.: 74.0, Mean : 54.47 

Body mass index (kg/cm2) Continuous Min.: 23.0, Max.: 42.82, Mean : 31.27 

Waist circumference (cm) Continuous Min.: 80.0, Max.: 149.0, Mean : 103.89 

Mid-arm circumference (cm) Continuous Min.: 27.0, Max.: 78.0, Mean : 40.19 

Glomerular filtration rate (mL/
min/1.73 m2)

Continuous Min.: 36.0, Max.: 106.0, Mean : 77.25 

Hemoglobin (g/L) Continuous Min.: 97.0, Max.: 164.0, Mean : 136.00 

C-reactive protein (mg/L) Continuous Min.: 0.30, Max.: 9.8, Mean : 2.951 

Lymphocytes % Continuous Min.: 10.40, Max.: 43.4, Mean : 30.08 

Monocytes % Continuous Min.: 1.2, Max.: 12.4, Mean : 7.69 

Neutrophils % Continuous Min.: 25.0, Max.: 82.7, Mean : 55.04 

Hematocrit (%) Continuous Min.: 0.19, Max.: 0.5, Mean : 0.3883 

Total cholesterol (mmol/L) Continuous Min.: 2.5, Max.: 9.800, Mean : 5.136 

LDL-cholesterol (mmol/L) Continuous Min.: 1.1, Max.: 5.0, Mean : 2.797 

HDL-cholesterol (mmol/L) Continuous Min.: 0.7, Max.: 2.70, Mean : 1.315 

Triglycerides (mmol/L) Continuous Min.: 0.6, Max.: 17.70, Mean : 2.654 

HbA1c (%) Continuous Min.: 5.4, Max.: 12.20, Mean : 7.363 

Gender (M,F) Categorical, M; F 1=52 (47.27%), 2=58 (52.73%) 

Walking properties, mobility

(self-reported and assessed by a 
physician)

-Completely independently 

-Decreased 

-Significantly decreased 

-94 (85.45%)

-12 (10.91%) 

-4 (3.64%)

Cognitive dysfunction (self-reported) No 

Yes 

-100 (90.91%)

-10 (9.09%)

Sleep disorders (self-reported) No

Yes

-80 (72.73%)

-30 (27.27%)

Albuminuria (mg/24h) No 

Yes 

-97 (88.18%)

-13 (11.82%)

Dg of hypertension or using 
antihypertensive drugs

-No 

-≤ 2 years (y) duration 

-3-10 y 

-11-20 y 

->20 y 

-13 (11.82%)

-8 (7.27%)

-49 (44.55%)

-34 (30.91%)

-6 (5.45%)

Dg of Clinically manifest cardiac 
insufficiency or Infarctus myocardii

No 

Yes 

-93 (85.45%)

-17 (15.45%)

Dg of Cerebrovascular incident or 
transitory ischaemic attack 

No 

Yes 

-106 (96.36%)

-4 (3.64%)

Dg of Peripheral ischemic vascular 
disease 

No 

Yes 

-97 (88.18%)

-13 (11.82%)

Dg of retinopathy No 

Yes 

-96 (87.27%)

-14 (12.73%)

Dg of polyneuropathy No 

Yes 

-92 (83.64%)

-18 (16.36%)
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Frequent (≥ 3 times a year) urinary 
tract infection 

No 

Yes 

-84 (76.36%)

-26 (23.64%)

Hypertension (arterial blood 
pressure) is being well regulated? 

No

Yes 

-43 (39.09%)

-67 (60.91%)

Comorbidities: Dg of 
musculosceletal disease 

No

Yes 

-77 (70.00%)

-33 (30.00%)

Dg of autoimmune disease No 

Yes 

-103 (93.64%)

-7 (6.36%)

Comorbidities: significant hepatic 
disease (Dg assigned) 

No 

Yes 

-109 (99.09%)

-1 (0.91%)

Comorbidities: Dg of the upper 
gastrointestinal tract disorders 

-No 

-Dyspepsio 

-Gastritis (confirmed by 
gastroscopy) 

-67 (60.91%)

-25 (22.73%)

-18 (16.36%)

Dg of Chr pulmonary disease 
(COPB) 

No 

Yes 

-99 (90.00%)

-11 (10.00%)

Part II. Parameters which describe the regimen treatment (medications, non-pharmacological treatment)
A type of oral antidiabetic drugs 
(metformin) 

No 

Yes 

-14 (12.73%)

-96 (87.27%) 

A type of oral antidiabetic drugs 
(gliptins) 

No 

Yes 

-79 (71.82%)

-31 (28.18%)

A type of oral antidiabetic drugs 
(sulfonlurea group) 

No 

Yes 

-68 (61.82%)

-42 (38.18%)

A type of oral antidiabetic drugs 
(repaglinid or acarbose)

No 

Yes 

-97 (88.18%)

-13 (11.82%)

Antidiabetic drug (s) in use < 6 
months

No 

Yes 1 

Yes 2 or more

-98 (89.09%)

-9 (8.18%)

-3 (2.73%)

Antidiabetic drug(s) in use > 6 
months

No 

Yes 

Yes 2 or more

-12 (10.91%)

-50 (45.45%)

-48 (43.64%)

A dose level of an antidiabetic drug Optimal 

Maximal 

-66 (60.00%)

-44 (40.00%)

Hypolipidemic drug statins No 

Yes

-55 (50.00%)

-55 (30.00%)

Hypolipidemic drugs other than 
statins

No 

Fenofibrat 

-96 (87.27%)

-14 (12.73%)

Beta-blockers No

Yes 

-74 (67.27%)

-36 (32.73%)

Diuretics No 

Yes 

-74 (67.27%)

-36 (32.73%)

Calcium channels blockers No 

Yes 

-77 (70.00%)

-33 (30.00%)

Ace-inhibitors or Angiotensin 
receptor blockers

No 

Yes 

-29 (26.36%)

-81 (73.64%)

Drugs with anti-inflammatory 
properties

No 

Yes 

-68 (61.82%)

-42 (38.18%)
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Anticoagulant drugs No 

Yes 

-100 (90.91%)

-10 (9.09%)

Anxiolytic drugs No 

Yes 

-67 (60.91%)

-43 (39.09%)

Antidepressant drugs No 

Yes 

-96 (87.27%)

-14 (12.73%)

Antipsychotic drugs No 

Yes 

-108 (98.18%)

-2 (1.82%)

Diat recommendations follow-up 
(self-reported)

-Insufficient 

-Fairly well, sufficient 

-56 (50.91%)

-54 (49.09%)

Meat meal every day

(self-reported)

No 

Yes 

-65 (59.09%)

-46 (40.91%)

Fresh fruits and vegetables every 
day (self-reported)

No 

Yes 

-29 (26.36%)

-81 (73.64%)

Physical activity every days

(self-reported)

No 

Yes 

-68 (61.82%)

-42 (38.18%)

Physical activity several times a 
week (self-reported)

No 

Yes 

-73 (66.36%)

-37 (33.64%)

Physical activity level - general (self-
reported)

Weak 

Fairy well, good 

-78 (70.91%)

-32 (29.09%)

Output variables
Fasting blood glucose-variance Continuous Min.: 0.0200, Max.: 12.2000, 

Mean: 1.6540

Postprandial blood glucose-variance Continuous Min.: 0.0000, Max.: 20.7100, 
Mean: 2.2692 

HbA1c Continuous Min.: 5.4, Max.: 12.20, Mean : 7.363 

*Dg- diagnosis, Chr- chronic, HbA1c - glycosylated hemoglobin A1c.
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