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Abstract. Type 2 diabetes mellitus is a metabolic disorder of glucose management,
whose prevalence is increasing inexorably worldwide. Adherence to therapies,
along with a healthy lifestyle can help prevent the onset of disease. This preliminary
study proposes the use of explainable artificial intelligence techniques with the aim
of (i) characterizing diabetic patients through a set of easily interpretable rules and
(ii) providing individualized recommendations for the prevention of the onset of the
disease through the generation of counterfactual explanations, based on minimal
variations of biomarkers routinely collected in primary care. The results of this
preliminary study parallel findings from the literature as differences in biomarkers
between patients with and without diabetes are observed for fasting blood sugar,
body mass index, and high-density lipoprotein levels.
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1. Introduction

An increasing number of adults are at risk of developing Type 2 Diabetes (T2D)
worldwide, correlating with trends in population aging and sedentary lifestyles. In 2021,
an estimated 61.4 million (9.2%) of adults in Europe were living with diabetes, 90% of
whom had T2D [1]. Interventions aimed at reducing the risk of T2D and delay disease
progression can help reduce its massive burden (European diabetes-related expenditure:
USS$ 189 billion). To support T2D prediction and prevention, several classification
methods have been proposed (e.g., [2]). In the context of explainable artificial
intelligence, which is gaining increasing attention in the medical field [3], counterfactual
explanations (CEs) [4] are a local technique that searches for minimal distance variations
in the input features space (e.g., biomarkers), that would lead to a change in the output
class (e.g., diabetes diagnosis). Recently, different approaches for CEs generation have
been proposed (e.g., deep learning based [S] or graph based [6]). For example,
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Dhurandhar et al [7] analyzed local explanations applied to brain images to understand
why certain subjects were classified as autistic and others were not. To our knowledge,
none of the previously proposed methodologies have assessed CE using a rule-based
description of the output classes to provide personalized treatments.

The aim of this study was to introduce and characterize CEs as a method to develop
individualized diabetes prevention recommendations. We investigate biomarkers, and
change in biomarkers, that can help reduce the individual risk of T2D onset and
progression.

2. Methods

The dataset used in this study includes 1857 records extracted from primary care
electronic medical records (EMRs) from a multi-disease national database, the Canadian
Primary Care Sentinel Surveillance Network (CPCSSN, http://cpcssn.ca/ ). Specifically,
the dataset includes 428 subjects with T2D (class “T2D”; age: mean= 56, range=18-90;
gender: 227 F, 201 M) and 1429 subjects without T2D (class “No T2D”; age: mean= 63,
range=18-83; gender: 916 F, 513 M). The prevalence of T2D in our dataset is 23% and
it reflects the prevalence of diabetes in older adults (around 20% in adults > 60 years)
[1]. For each patient, seven biomarkers were considered: systolic blood pressure (sBP),
body mass index (BMI), low-density lipoprotein (LDL), high-density lipoprotein (HDL),
triglycerides (TG), fasting blood sugar (FBS), and age. A Two Class Support Vector
Data Descriptor (TC-SVDD) [8] was trained on 80% of the dataset by applying
stratification and a natively explainable method, the Logic Learning Machine (LLM) [9],
was used to extract a rule-based description of the two classification regions, following
the approach presented in [10]. Counterfactual explanations were generated from a set
of 120 randomly sampled points within the SVDD region describing T2D subjects. The
sample size was defined following preliminary analysis to ensure adequate coverage of
the whole age range, including the tails of the distribution (i.e., <50 years and >75 years).
The rationale in CE generation was to find the minimum perturbations that should be
applied to each biomarker to allow a subject initially classified as diabetic by the TC-
SVDD, to be classified as non-diabetic. Given a binary classification problem
characterized by two classes S; and S, and an observation x € S;, our goal is to
determine the minimum variation Ax*, so that the point x* = x + Ax™ belongs to the
opposite class, by solving the following minimization problem:

min .
Ax € R" d(x, (x + Ax)) subject to || (x + Ax) — a,lI> < R3 A ||(x + Ax) — a,||2 > R?
where R?, R?, a,, a, are the radii and the centers of the spheres for class S; and S,,
respectively, as defined by the TC-SVDD. The algorithms were implemented in
MATLAB (version 2021a).

3. Results

The TC-SVDD achieved the following classification performance on the test set:
accuracy = 0.77, sensitivity = 0.65, and specificity = 0.83. Table 1 shows the rules
extracted by the LLM from the two regions identified by the TC-SVDD, and the rule
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covering (i.e., the percentage of records in the output class that satisfy the rule).
Consistent with the diagnostic criteria for T2D [1], the two rules that best characterize
the two classes (i.c., the rules with higher covering), are based on the FBS value alone.
In particular, high FBS values (i.e., higher than 6.89 mmol/L) are associated with class
“T2D” (rule #1) whereas low FBS values (i.e., lower than 5.1 mmol/L) are associated
with class “No T2D” (rule #5). The remaining records are covered by more complex
rules, i.e., rules based on more than one condition.

Table 1. Rules characterizing the two SVDD regions and rule covering (Cov).

# Class Rule Cov%
1 T2D FBS>6.89 52.70
2 T2D FBS>4.91 /\ 48<age <80 A 98<sBP <163 /\ 21<BMI <48 /\ LDL<1.88 19.90
3 T2D 6.33 <FBS<6.91 A age>37 A 100 < sBP < 145 16.55
4 T2D 6.04 <FBS<6.31 A age<76 /\ sBP <152 A\ 22<BMI<48 A\ TG>0.17 8.16
5 NoT2D FBS<5.1 47.46
6 NoT2D FBS<7.23 A sBP<111 18.22
7 NoT2D FBS <6.68 A age>50 /\ BMI>24 A\ LDL >3.61 15.57
8 NoT2D FBS <7.87 /\ 147 <sBP <182 A LDL > 1.09 15.51

An example of counterfactual (class “No T2D”) generated from a record of a T2D
patient under the constraint of minimal distance is shown below:

e 72D patient: Age =73 years; sBP = 113 mmHg; BMI =29.4 kg/m2; LDL =23
mmol/L; HDL = 1.82 mmol/L; TG = 0.83 mmol/L; FBS = 6.9 mmol/L

o  Counterfactual: Age =73 years; sBP = 113 mmHg; BMI =27.9 kg/m2; LDL =
2.38 mmol/L; HDL = 3 mmol/L; TG = 1.07 mmol/L; FBS = 4.89 mmol/L

Small, yet meaningful changes can be found between the observation as the diabetic
patient is associated with higher FBS and BMI, stable sBP and lower HDL, LDL, and
TG, with respect to the counterfactual, allowing for the two observations to be associated
with different classes, hence to be described by different rules, as shown in Table 1.
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Figure 1. Average change in FBS (panel A) and HDL (panel B) associated with a variation in the output
class from class “T2D” to class “No T2D” as a function of the age group.

The average change observed for each biomarker, computed as the difference
between the value in the counterfactual (i.e., class “No T2D”) and the value in the actual
T2D patient is shown in Figure 1 as a function of age (i.e., 40-50 years, 50-60 years, 60-
70 years, and 70 or more years). Figure 1(A) shows that the average change in FBS is
negative, indicating an improvement in FBS from a diabetic subject to a non-diabetic
one. The change in FBS tends to increase with age, ranging, on average, from -0.2 to -1.2
mmol/L. Vice versa, Figure 1(B) shows that the average variation for HDL is positive,
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as non-diabetic subjects are characterized by higher values (i.e., better values) with
respect to diabetic ones. Regarding HDL, the variation is quite stable for different age
groups, around 0.20-0.30 mg/dL.

The average variation observed across the 120 generated counterfactuals is: AAge = 0.01
years; AsBP = —0.17 mmHg; ABMI = —0.14 kg/m2; ALDL = 0.53 mmol/L; AHDL =
0.26 mmol/L; ATG = 0.12 mmol/L; AFBS = —0.88 mmol/L.

4. Discussion

The extraction of rules from the two classification regions identified by the TC-SVDD
allows us to obtain a comprehensive, readable view of the observed pathology, that can
be easily interpreted and validated by clinicians, even if they have no prior knowledge
in the field of artificial intelligence. Counterfactual explanations allow us to move from
a global to a local approach, tailored on an individual basis.

Although the counterfactual generation process searches, by its definition, for
minimal variations that determine a change in output class, the results obtained allow us
to appreciate differences in biomarkers between the two classes, in line with the available
knowledge. Indeed, high FBS is a peculiar characteristic of diabetic subjects, as T2D is
a metabolic disorder of glucose regulation resulting in hyperglycemia. A trend towards
higher BMI in diabetic patients is consistent with the known link between obesity and
T2D. For this reason, maintaining a healthy lifestyle characterized by moderate exercise
can help in the prevention of diabetes. Moreover, low HDL concentrations have been
associated with higher risk of developing T2D [11], possibly representing one of the risk
factors for cardiovascular disease. In contrast, a counterintuitive result is related to the
presence of slightly higher (i.e., worse) LDL and TG values in nondiabetic patients,
compared with diabetic ones. This result can be explained by the fact that diabetic and
pre-diabetic subjects are very often prescribed LDL-lowering drugs like statins [12] to
control hypercholesterolemia. Further research on larger data should characterize
different stratifications, such as by gender, as the variations obtained in biomarkers might
be different for male or female subjects. In addition, causal relationships among
biomarkers should also be assessed, for example using causal inference approaches.

The proposed method is characterized by a degree of uncertainty in the classification,
because counterfactuals are sought in the proximity of the decision boundary, defined by
the SVDD, thus only decreasing the risk of developing diabetes by a small amount (the
minimal amount needed for changing the output class). A safer definition of subjects
with low probabilities of developing diabetes, would be the search of counterfactuals
from “reliable SVDD regions”, i.e., by defining regions with a reduced false negative
rate, as in [13]. The reliable approach is based on the relaxation of the definition of
counterfactuals generated at minimum distance, as they will be searched within spherical
regions of smaller size, enabling a more precise identification of the opposite class.
Specifically, the TC-SVDD will define a region surrounding non-diabetic subjects,
minimizing the presence of diabetic subjects within that region, according to the imposed
false negative rate. In this way, personalized prevention strategies could be devised
through more effective changes in biomarkers, so that the risk of developing the disease
can be substantially reduced. Also, it should be noted that characterization of diabetic
patients is based on a combination of controllable characteristics (biomarkers that can be
manipulated through therapies or lifestyle changes) and non-controllable characteristics
(e.g. features that are not manipulable by definition such as age, genetic factors, and
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family history). Therefore, the search for realistic counterfactuals should be performed
by perturbing only controllable variables and keeping non-controllable variables fixed.

5. Conclusions

This preliminary study aims to demonstrate the efficacy of a new method for CE
generation based on SVDD on biomarker variation and diabetes diagnosis. Specifically,
the search for minimal variations in biomarkers, able to change the classification of the
subject from diabetic to non-diabetic allows us to highlight a trend (decrease or increase)
in biomarkers, consistent with current knowledge. Further research is needed to validate
the proposed method in different datasets (e.g., with varying size and number of output
classes) and for different chronic diseases (e.g., COPD). This approach can be extended
in the future to a broader set of biomarkers including lifestyle indicators (e.g., diet,
alcohol consumption, smoke), comorbidities and medications and to a broader definition
of counterfactual obtained perturbing controllable features only, at progressively
increasing distance (i.e., progressively decreasing risk of developing diabetes), with the
ultimate goal of personalizing prevention strategies on an individual basis.
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