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Abstract: The use of artificial intelligence in geriatrics is very promising and relevant, as the diagnosis
of a geriatric patient is a complex, experience-based, and time-consuming process that involves a
variety of questionnaires and subjective and inaccurate patient responses. This paper proposes
the explainable artificial intelligence-based (XAI) clinical decision support system (CDSS) to assess
nutrition-related factors (symptoms) and to determine the likelihood of geriatric patient health risks
associated with four syndromes: malnutrition, oropharyngeal dysphagia, dehydration, and eating
disorders in dementia. The proposed system’s prototype was tested under real conditions at the
geriatric department of Lithuanian University of Health Sciences Kaunas Hospital. The subjects of
this study were 83 geriatric patients with various health conditions. The assessments of the nutritional
status and syndromes of the patients provided by the CDSS were compared with the diagnoses
of the physicians obtained using standard assessment methods. The results show that proposed
CDSS can efficiently diagnose nutrition-related geriatric syndromes with high accuracy: 87.95% for
malnutrition, 87.95% for oropharyngeal dysphagia, 90.36% for eating disorders in dementia, and
86.75% for dehydration. The research confirms that the proposed XAI-based CDSS is an effective
tool, able to assess nutrition-related health risk factors and their dependencies and, in some cases,
makes even a more accurate decision than a less experienced physician.

Keywords: explainable artificial intelligence (XAI); computing with words (CWW); clinical decision
support system (CDSS); geriatric syndrome; fuzzy logic-based reasoning

1. Introduction

Geriatricians are constantly faced with the problem of assessing the health status of
patients while diagnosing diseases and syndromes because they must take into account
multiple interrelated symptoms (health risk factors). As in any field of medicine, the
quality of a patient’s diagnosis depends directly on the physician’s experience and ability
to make a thorough assessment of the patient’s health status. In geriatrics, this problem
is relevant because current generally accepted methods for assessing the health status of
patients are based on a wide variety of assessment tools, including daily activity evaluation,
depression screening, dementia screening, initial malnutrition screening, assessment of
the risk of bedsores, risk of falls, somnolence, swallowing disorder, etc. Therefore, the less
experienced geriatrician is faced with the problem of which assessment methods should
be used in the concrete case, as well as to decide the level of detail of the assessment.
Symptoms and syndromes associated with nutritional disorders pose the greatest health
risk to the elderly and affect other disorders and threats (e.g., frailty, falls, etc.) as described
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in [1,2]. Geriatric syndromes, associated with poor nutritional status, were chosen for
this study because malnutrition in older adults is associated with poor health outcomes,
adverse effects on physical, psychological, and social aspects of health [3]. The effects of
poor nutrition and diet can lead to a variety of senior health concerns [4], including:

• A higher risk of hospitalization;
• An increased risk of death;
• A weakened immune system, which increases the risk of infections and cancer;
• Poor wound healing;
• Muscle weakness and decreased bone mass, which can lead to falls and fractures;
• Depression;
• Decreased cognitive function;
• Functional decline;
• Social isolation;
• Decreased quality of life.

Not only can the nutritional state influence health disorders, but also, once the disease
starts, it can affect the nutritional status as well; thus, the connection is reciprocal. On the
other hand, health professionals do not pay enough attention to nutritional status and
even do not have sufficient knowledge of how to diagnose and control it [5]. During the
nutritional status assessment, the physician interviews the patient in an attempt to deter-
mine what typical symptoms are relevant to that individual and then, using standardized
assessment rules, attempts to predict which diseases or syndromes correspond to those
symptoms. The diagnostic process is complicated by the fact that in certain cases, the same
symptoms are used to diagnose different diseases or syndromes. Therefore, it is necessary
to assess the degree of severity of the symptom, which is hardly measurable in common
cases. Furthermore, the syndromes are interrelated and influence each other, and for an
inexperienced physician (e.g., junior resident), it is difficult to assess which disease or
their combination is more specific to the patient. This means that it is not sufficient to use
computerized questionnaires for the detection of geriatric syndromes alone because these
questionnaires use inaccurate and subjective estimates of symptoms (usually a 1–4 point
scale). In order to make the diagnosis as accurate as possible, it is not enough to simply es-
timate the questionnaires, but a clinical decision support system (CDSS) is needed to assess
the interdependencies between symptoms and syndromes, as well as some uncertainties
arising from subjective survey data.

This paper presents the software implementation and evaluation of the clinical de-
cision support system (CDSS) for the geriatric department of Lithuanian University of
Health Sciences Kaunas Hospital, which solves the previously mentioned problems related
to the geriatric diagnosis process, allowing even less experienced medical personnel to
make more accurate decisions faster and easier. The prototype of CDSS is based on the
original explainable artificial intelligence (XAI)-based decision support model presented
in the previous scientific work [6] published by the authors of this paper. The proposed
model was implemented in the CDSS prototype tested under real conditions at the geriatric
department of Lithuanian University of Health Sciences Kaunas Hospital. It was used to as-
sess nutrition-related factors (symptoms) and to evaluate the likelihood of four syndromes:
malnutrition, oropharyngeal dysphagia, dehydration, and eating disorders in dementia.

Many medical institutions use computer-based systems to manage and process med-
ical data. Some of these systems, namely clinical decision support systems (CDSS), are
helpful tools for medical personnel to automate decision making and diagnose various
health disorders with more precision. CDSS is widely used in certain medical fields, in-
cluding the diagnoses of heart diseases [7–10], kidney diseases [11,12], diabetes [13,14],
cancer [15,16], Alzheimer’s disease [17], etc. CDSS are also applied in the field of geriatrics,
where they are used successfully to assess signs of depression with an average accuracy
of 95% [18] and diagnose dementia with a balanced accuracy of 82.3% [19], with an accu-
racy of 95.2% [20], and with an accuracy varying from 73% to 92% for various cases as
presented in [21].
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All the papers we analyze apply a variety of artificial intelligence techniques, such
as neural networks, support vector machines, Bayes classifiers, or fuzzy logic and fuzzy
cognitive maps. Fuzzy logic-based methods are quite popular for CDSS implementation,
especially when uncertain input data should be processed as presented in [12,22]. The
authors of [12] demonstrated that their proposed fuzzy DSS outperformed the physicians
in diagnosing kidney stones and kidney infection and achieved 95% and 85% accuracy,
respectively, while physicians achieved only 70% and 65% accuracy in the same cases. The
authors of [22] proposed an automatic computer-aided diagnosis system based on a fuzzy
cognitive map (FCM) to determine the grade of celiac disease and achieved a classification
accuracy of 91.01%.

As stated by [23], fuzzy modeling has a huge potential for the development of ad-
vanced explainable AI (XAI) systems, in which the results of the solution can be understood
by humans. Fuzzy-based XAI enables the development of decision-making rules based
on the knowledge of medical experts and is capable of assessing inaccurate and subjec-
tive input data. XAI-based decision support systems are suitable for the diagnosis and
evaluation of patient health risks when the decision is determined by many different inter-
dependent factors. Furthermore, XAI-based CDSS allows verifying the reason behind the
decision suggested by the system and comparing this result with the physician’s reasoning.
Therefore, the physician can be sure that the decision proposed by the system is the right
one, especially in cases where the physician has a different initial opinion. The research
presented in this work contributes to the field of the application of artificial intelligence in
CDSS systems. This paper describes the application of explainable artificial intelligence
(XAI) for the implementation of the CDSS to diagnose geriatric diseases and syndromes
related to malnutrition. Studies related to the diagnosis of nutritional disorders and the
identification of related syndromes using artificial intelligence and CDSS are not found in
the scientific literature, except our initial study [6], which proposes a theoretical XAI-based
decision support model for nutrition-related geriatric disorders.

This paper presents the real-world experimental evaluation of the theoretical XAI-
based CDSS model [6] with real patient data. The aim of this study is to develop the
software implementation of web-based CDSS and to evaluate the effectiveness of the
proposed system by comparing its diagnoses with those of medical experts. This tool
would be useful for the inexperienced physician (resident geriatricians, family physicians,
general practitioners, etc.) to pay attention to nutrition-related geriatric syndromes and
perform a detailed examination of nutrition-related disorders.

2. Materials and Methods
2.1. Participants

The patients were randomly selected for this study (every second patient hospitalized
in the geriatric department of the Kaunas Hospital of the Lithuanian University of Health
Sciences was enrolled). Patients were hospitalized primarily through urgent admission
due to pyelonephritis, pneumonia, and syncope and through planned admission due to
dysphagia, malnutrition, dizziness, Parkinson’s disease, dementia, and falls. A total of
90 patients were invited to participate in this study, five of whom were excluded from
the study according to exclusion criteria. Furthermore, two patients refused to continue
participating due to physical exhaustion. In total, 83 geriatric patients participated in
this study. The average age of the participants was 81.5 years, and 55 (66.2%) of the
patients were women. The study inclusion criteria were as follows: patients hospitalized
in the geriatric department, ability to understand and speak Lithuanian, and signature
of informed consent. The study exclusion criteria were as follows: deafness, advanced
dysphagia requiring enteral nutrition, advanced dementia or cancer, and terminal renal,
cardiac, pulmonary, or hepatic insufficiency.
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2.2. Experimental Procedure

Prior to any test or intervention and before being evaluated for the study’s inclusion
criteria, all participants signed a written informed consent approved by the Regional
Bioethics Committee at the Lithuanian University of Health Sciences (no. BE-2-106).

As shown in Figure 1, the evaluation of the proposed CDSS was performed by re-
searchers, resident geriatricians, and expert geriatricians. The researcher’s role was taken
by doctoral students, who interviewed the patients and entered data into the CDSS. In par-
allel, resident geriatricians performed diagnostic procedures using comprehensive geriatric
assessment methods and laboratory examinations. These procedures were repeated every
day within a 10-day period until the final diagnosis was made. The professors of the Clini-
cal Department of Geriatrics of the Lithuanian University of Health Sciences played the
role of experts, who reviewed the diagnoses of resident geriatricians, performed additional
assessments and laboratory examinations to make the final diagnoses. The efficiency of the
proposed CDSS was evaluated by comparing its diagnoses with the diagnoses of resident
geriatricians and expert geriatricians (considered the gold standard). The decision-making
rules of the proposed CDSS are implemented using fuzzy logic-based XAI, which adapts
a set of questionnaires composed according to international practice and supplemented
by knowledge accumulated in the Clinical Department of Geriatrics of the Lithuanian
University of Health Sciences. In order to assess malnutrition, oropharyngeal dysphagia,
eating disorders in dementia, and dehydration, the MNA-SF scale [24], the dysphagia
screening tool EAT-10 [25], Edinburgh Feeding Evaluation in Dementia Scale [26], and a
set of 10 questions based on the ESPEN guideline on clinical nutrition and hydration in
geriatrics [1] were used.

Figure 1. The procedure of experimental evaluation of the proposed CDSS.
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2.3. Enhanced SWOT Maps and Fuzzy Expert Maps for Risk Evaluation

This paper presents a new universalized concept of a system using a dynamic SWOT
analysis network called a fuzzy SWOT map (FSM) for fuzzy risk control in complex
environments and a fuzzy cognitive map (FCM)-type network for the aggregation of
appropriate leverages, recommendations, or even immediate actions to be taken that
would enable improvement of the situation. That part of the system is called LEVERAGE
for simplicity and is also built on the fuzzy cognitive maps (FCM)-type network consisting
of elements operating on the expert knowledge presented in the form of the lists of IF . . .
THEN-type fuzzy logic rules. Such a network is called fuzzy expert maps (FEM) [27], and
its philosophy fully covers the functioning of many real systems, including clinical decision
support systems. A generalized view of such an abstract system is shown in Figure 2.

Figure 2. A generalized view of an abstract risk analysis and decision support system based on XAI.

Figure 2 shows an example of a conceptual architecture of the XAI-based risk analysis
and decision support system for the evaluation of four situations (for example, specific
diseases or syndromes). Depending on the application, the number of situations can vary.
The architecture presented in Figure 2 includes SWOT analysis subsystems for each of
four situations (A, B, C, and D), interacting using the FSM network methodology. Here,
W is a matrix that describes interactions of situations, the coefficients of which verbally
or numerically (after defuzzification of words) express the nature and strengths of those
interactions in the interval [−1, +1]. Each situation e ∈ {A, B, C, D} usually is characterized

by four SWOT vectors
−−→
STe ,

−−→
WKe ,

−−→
OPe ,

−−→
THe also representing verbally or numerically

(after the defuzzification of words) the strength and weaknesses of the situation under
investigation as well as its opportunities and threats correspondingly. The summarized and

normalized threats
−−→
TH?

Σ and summarized and normalized opportunities
−−→
OP?

Σ are used to

evaluate the possible level of risk
−→
R = (RA, RB, RC, and RD) and to suggest and recommend

a certain set of possible activities
−→
L = (L1, L2, . . . , Ll, . . . , LL) (leverages from the arsenal

of available activities) to be performed, enabling the improvement of performance in the
situation or project under consideration.

Generally, a measurable level of risk can be calculated as a value of a certain function

R, depending on the level of threats
−−→
TH?

Σ , opportunities
−−→
OP?

Σ efforts dedicated to systems

development
−−→
EFF and the probabilities of corresponding events

−−−→
PROB, as proposed and

shown in the work of [28]: R = R (EFF↑; OP↓; TH↑; PROB↓). The arrows ↑ and ↓ mean
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increase and decrease in R, respectively. The general idea of the structure of the functional
organization for the risk evaluation engine is presented in Figure 3.

Figure 3. Risk evaluation element of the fuzzy expert map (FEM).

The earlier presented informal reasoning is prescribed by an IF . . . THEN-type list or
fuzzy rules (LoRRe) is drafted by experts based on their knowledge. Such a structure is
called FEM, the fuzzy expert map as it was proposed in [27] and mentioned above.

2.4. XAI-Based CDSS as a Partial Case of the Universalized FSM

The functional organization of a structure for the XAI-based clinical decision support
system, proposed in [6], is the partial cause of the concept of the universalized fuzzy
SWOT maps (FSM) network presented and developed in Section 2.3. The model of the
CDSS presented in [6] takes into account four mutually influencing syndromes such as
MALNUTRITION (A), OROPHARYNGEAL DYSPHAGIA (B), DEHYDRATION (C), and
EATING DISORDERS IN DEMENTIA (D). They are considered as situations: A, B, C, and
D. Their mutual influence is presented in Figure 4 and verbally and/or numerically is
represented by matrix W as it is shown in Figure 2 (thickness of the arrows represents the
strength of influence).

Figure 4. Mutually influencing syndromes.

It should be stressed that the model described in [6] uses only threats
−−→
THe and

weaknesses
−−→
WKe as the inputs to corresponding SWOT elements, where e ∈ {A, B, C, D}

(see Figure 2). In this simplified case, each SWOT element summarizes and normalizes

the assessments of the symptoms of a particular syndrome as threats (
−−→
THe ) in numerical

and/or verbal form, and summarizes and normalizes the responses to the questionnaire
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for each syndrome as weaknesses (
−−→
WKe ) specific to that syndrome and is also processed

numerically and/or verbally. After performing a SWOT analysis and taking into account
the mutual influence of the syndromes, the FSM network produces a summarized output
result as a collection of threats levels of each syndrome (A, B, C, and D) composed in the

vector
−−→
TH?

Σ . This vector is suitable for a proper verbalization, usually called a diagnosis,
and presenting not only numerical evaluation of the situation under consideration but
also understandable to human verbal description, followed by some reasoning about the
certainty value of the decision.

An example of the diagnosis produced by a proposed XAI-based CDSS model is given
in Table 1. Here we have the pessimistic, optimistic, and the most likely diagnosis for one
patient and the values of certainties of the proposed decisions.

Table 1. An example of diagnostic advice produced by the model of XAI-based CDSS for one patient.

General Threat of Syndromes (Threat, Certainty)

Malnutrition
(M)

Oropharyngeal
Dysphagia (OD)

Eating Disorders
in Dementia (D)

Dehydration
(DH)

Pessimistic
diagnosis

LARGE MEDIUM SMALL LARGE
0.228 0.396 0.560 0.475

Optimistic
diagnosis

MEDIUM SMALL NOT MEDIUM
0.772 0.604 0.440 0.525

Most likely
diagnosis

MEDIUM SMALL SMALL MEDIUM
0.772 0.604 0.560 0.525

2.5. CDSS Implementation

The decision support system for assessing the nutrition-related geriatric syndromes
was implemented using the previously discussed XAI-based risk assessment model and
system concept. This CDSS was deployed at the clinical department of geriatrics of
Lithuanian University of Health Sciences (accessible online: https://gerimodis.lt, accessed
on 9 December 2021), where it is used by physicians with different levels of experience
in geriatrics.

The proposed system uses screening questions for four geriatric syndromes (Figure 5)
and medically approved questionnaires (Figure 6). Numerical and/or verbal symptoms
estimates and total estimates of the answers to the questions in each questionnaire serve as
input data for the CDSS. The diagnosis process begins with answering screening questions
regarding four nutrition-related geriatric syndromes. Each syndrome is defined by four
characteristic questions (Figure 5). The CDSS takes into account the mutual influence of
the syndromes and gives the initial prognostic answer, and then the specialist continues by
filling out questionnaires related to syndromes (Figure 6). The questionnaires were selected
according to international geriatric practice, adapted and complemented based on the
expertise of the specialists of the clinical department of geriatrics of Lithuanian University
of Health Sciences. The MNA-SF scale [25] was used for malnutrition (Figure 6a), the
EAT-10 dysphagia screening tool [29] was used for oropharyngeal dysphagia (Figure 6b),
the Edinburgh Feeding Evaluation in Dementia Scale [2] was used for dementia (Figure 6c),
the set of questions formed using the ESPEN guidelines on clinical nutrition and hydration
in geriatrics [1] was used for dehydration (Figure 6d). These questionnaires are given in
Appendix A.

Since the CDSS is based on fuzzy logic, the scores provided by the questionnaires are
converted into verbal estimates: “good”, “might be bad”, “bad” (“Model estimate” tables
in Figure 6). For the MNA-SF scale, good nutritional status corresponds to 0–2 points,
suspicion of malnutrition corresponds to 3–6 points, and malnutrition corresponds to
7–14 points. Please note that the MNA-SF scale used in the CDSS is modified compared
to the original one, presented in the work of [25]. The modified scale has an inverted

https://gerimodis.lt
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scoring system, where malnutrition is indicated by a higher score. For the EAT-10 dyspha-
gia screening tool, the absence of the disorder corresponds to 0–2 points, the suspected
dysphagia is indicated by 3–10 points, and the dysphagia corresponds to 11–40 points.
For the Edinburgh feeding evaluation in the dementia scale, the absence of eating disor-
der in dementia corresponds to 0–5 points, the suspected eating disorder in dementia is
indicated by 6–10 points, and eating disorder in dementia corresponds to 11–20 points.
For dehydration, an original set of questions was formed using the ESPEN guidelines on
clinical nutrition and hydration in geriatrics. The absence of dehydration corresponds
to 0–5 points, the possible dehydration is indicated by 6–10 points, and the dehydration
corresponds to 11–40 points.

Figure 5. Screenshot of the CDSS initial symptoms estimation questionnaire. Here: M—malnutrition,
OD—oropharyngeal dysphagia, D—eating disorders in dementia, DH—dehydration.

Figure 6. Cont.
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Figure 6. Screenshots of CDSS symptoms estimation questionnaires: (a) MNASF scale for malnutrition; (b) EAT-10 screening
tool for oropharyngeal dysphagia; (c) Edinburgh Feeding Evaluation in Dementia Scale; (d) questionnaire formed using the
ESPEN guidelines on clinical nutrition and hydration in geriatric dehydration.

The CDSS provides the specialist with a pessimistic, optimistic, or most likely progno-
sis of geriatric syndromes, as presented in Figure 7. The system gives the final prognosis
for each syndrome based on the highest certainty.

Figure 7. The CDSS screenshot of diagnostic advice.

In the example given in Figure 7, the CDSS suggests that “Eating disorders in de-
mentia” and “Oropharyngeal dysphagia” syndromes have a low manifestation with very
high certainty, while “Malnutrition” syndrome has a medium level of occurrence and
“Dehydration” syndrome is evaluated as “High” threat level.

3. Results

The results of the diagnostic study consist of the health state assessments of 83 patients.
Part of these results is presented as an example in Table 2. The table contains verbal
diagnostic reports (high, medium, small, none) with their estimates of possible certainty in
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the range [0–1] provided by the CDSS. The assessments of the resident geriatricians and
the expert geriatricians are presented in the form of 1 or 0, which means that the syndrome
is diagnosed or not. These data were used for further processing and estimation of the
effectiveness of the CDSS using ROC analysis.

Table 2. Results of the assessments of the proposed CDSS, the resident geriatricians, and expert geriatricians; M—
malnutrition, OD—oropharyngeal dysphagia, D—eating disorders in dementia, DH—dehydration.

Subject’s
No.

Assessments of the Syndromes Given by the CDSS (Threat, Certainty) Assessments of the Syndromes
Given by Resident Geriatricians

Assessments of the Syndromes
Given by Expert Geriatricians

M OD D DH M OD D DH M OD D DH

1 Small (0.583) Small (0.901) None (0.86) Medium (0.738) 1 0 0 1 0 0 0 1

2 High (0.724) Small (0.921) Small (0.559) Medium (0.971) 1 0 0 1 1 0 0 1

3 Small (0.8) Small (0.95) None (0.901) Medium (0.773) 1 0 0 1 0 0 0 1

4 High (0.724) Small (0.955) Small (0.559) Small (0.535) 0 0 0 1 1 0 0 0

5 Medium (0.616) Medium (0.835) Small (0.719) Medium (0.613) 0 1 1 1 1 1 0 1

6 Medium (0.99) Small (0.75) None (0.749) Medium (0.627) 1 0 0 1 1 0 0 1

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

82 Medium (0.677) Medium (0.958) Small (0.58) Medium (0.794) 0 1 0 0 1 1 0 1

83 Medium (0.605) Small (0.669) None (0.887) Medium (0.605) 0 0 0 1 1 0 0 1

The study was conducted by geriatric physicians with different experiences: first-
and second-year resident geriatricians and expert geriatricians (professors with more than
20 years of experience). Because the CDSS is intended to provide advice to an inexperienced
geriatrician or general practitioner, the study assessed the precision of the diagnoses
provided by the CDSS and resident physicians. The diagnoses of expert geriatricians are
considered the gold standard in this case.

For evaluation of the performance of the proposed CDSS, receiver operating char-
acteristics (ROC) analysis was used by calculating accuracy, sensitivity, and specificity.
The threshold values for the ROC curves were selected according to the risk levels and
their certainties provided by the CDSS. The lowest threshold value corresponds to “small
risk with certainty 0.5”, while the highest threshold value corresponds to “medium risk
with certainty 1.0”. For example, “medium risk with certainty 0.7” threshold value means
that medium risks with certainty more than 0.7 and high risks with any certainty indicate
disorder (positive condition), while medium risks with certainty less or equal than 0.7,
small risks with any certainty and no risks with any certainty are classified as negative
condition (no disorder), as shown in Figure 8.

Figure 8. The threshold values for ROC analysis. Threshold values are defined by the risk level and
its certainty.
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The results of the ROC analysis are presented in Table 3, which contains the percentage
values of accuracy, sensitivity, and specificity, while Figure 9 represents the respective ROC
curves for each syndrome (malnutrition, oropharyngeal dysphagia, eating disorders in
dementia, dehydration).

Table 3. Performance evaluation of the CDSS and resident geriatricians.

Malnutrition Oropharyngeal
Dysphagia

Eating Disorders
in Dementia Dehydration

Decision
Maker

Threshold
Value (Risk,
Certainty)

ACC
(%)

TPR
(%)

TNR
(%)

ACC
(%)

TPR
(%)

TNR
(%)

ACC
(%)

TPR
(%)

TNR
(%)

ACC
(%)

TPR
(%)

TNR
(%)

The proposed
CDSS

Medium, 1.0 39.76 15.25 100.00 67.47 0.00 100.00 84.34 7.14 100.00 27.71 4.76 100.00

Medium, 0.8 61.45 45.76 100.00 75.90 29.63 98.21 86.75 21.43 100.00 51.81 41.27 85.00

Medium, 0.7 81.93 77.97 91.67 84.34 55.56 98.21 89.16 35.71 100.00 80.72 84.13 70.00

Small, 1.0 87.95 86.44 91.67 87.95 66.67 98.21 89.16 35.71 100.00 86.75 92.06 70.00

Small, 0.8 84.34 91.53 66.67 66.27 77.78 60.71 90.36 85.71 91.30 81.93 92.06 50.00

Small, 0.7 78.31 93.22 41.67 56.63 77.78 46.43 89.16 85.71 89.86 81.93 93.65 45.00

Small, 0.5 77.11 100.00 20.83 43.37 88.89 21.43 85.54 100.00 82.61 78.31 98.41 15.00

Resident
geriatricians 66.27 61.02 79.17 92.77 77.78 100.00 86.75 42.86 95.65 89.16 95.24 70.00

ACC—accuracy, TPR—true positive rate (sensitivity), TNR—true negative rate (specificity).

Figure 9. The ROC graphs of the proposed CDSS and resident geriatrician for diagnoses of nutrition-related syndromes:
(a) the ROC curves for malnutrition; (b) the ROC curves for oropharyngeal dysphagia; (c) the ROC curves for eating
disorders in dementia; (d) the ROC curves for dehydration.
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The highest prediction accuracy of 87.95% for diagnosing the malnutrition syndrome
was achieved when a small risk level with 1.0 certainty was used as the threshold. As
shown in Table 3 and Figure 9a, the accuracy of the proposed CDSS is much higher than
the accuracy of the diagnoses of the resident geriatricians.

The highest prediction accuracy of 87.95% for diagnosing the oropharyngeal dyspha-
gia syndrome was achieved when a small risk level with 1.0 certainty was used as the
threshold. The accuracy of the proposed CDSS is only 4.82% lower than the accuracy of
the diagnoses of the resident geriatricians. The highest prediction accuracy of 90.36% for
the diagnosis of eating disorders in dementia was achieved when a small risk level with
0.8 certainty was used as the threshold. The accuracy of the proposed CDSS is 3.61% higher
than the accuracy of the diagnoses of the resident geriatricians. Although the difference
in accuracy is not large, the sensitivity of resident geriatricians is very low (42.86%). This
means that the CDSS has a much higher true positive prediction rate (ability to correctly
identify the syndrome), while geriatricians are slightly better at detecting the absence
of disorder. The highest prediction accuracy of 86.75% for the diagnosis of dehydration
syndrome was achieved when a small risk level with 1.0 certainty was used as the thresh-
old. The accuracy of the proposed CDSS is only 2.41% lower than the accuracy of the
diagnoses of the resident geriatricians. The specificities are identical for both the CDSS and
resident geriatricians.

The study found that the accuracy of the CDSS compared to the gold standard (the
diagnosis made by expert geriatricians) is quite high, ranging from 86.75% to 90.36%.
Compared to the resident geriatricians, the CDSS is more accurate in diagnosing mal-
nutrition and eating disorders in dementia (Figure 9a,c) and less accurate in diagnosing
oropharyngeal dysphagia and dehydration (Figure 9b,d).

4. Discussion

This study appears to be the first to use explainable artificial intelligence (XAI) meth-
ods for the implementation of a clinical decision support system (CDSS) for the assessment
of nutrition-related geriatric syndromes. As discussed in the Introduction Section, cur-
rently, geriatricians face difficulties in diagnosing the following nutrition-related disorders:
malnutrition, oropharyngeal dysphagia, dehydration, and eating disorders in demen-
tia. Usually, diagnosis is made using comprehensive geriatric assessment methods and
laboratory examinations, which can include (but not necessarily) various questionnaires
(e.g., oropharyngeal dysphagia). Even when used, questionnaires are based on inaccurate
and subjective estimates of symptoms (usually a 1–4 point scale). Therefore, we have made
the assumption that explainable artificial intelligence and fuzzy logic-based reasoning
would be the most suitable methods to deal with this problem and to evaluate the relations
between different syndromes, which cannot be seen directly from separate questionnaires.
The proposed CDSS is based on a decision support model, which is presented in our previ-
ous work [6]. The model is based on the knowledge of expert geriatricians and is capable
of assessing inaccurate input data and the degree of interrelation between symptoms and
syndromes. The results of this study confirm that the previously proposed approach is
suitable for practical application in CDSS. As a proof of concept, the CDSS prototype was
created and tested with a large number of geriatric patients at the Lithuanian University of
Health Sciences Kaunas Hospital. The comparison of the diagnoses provided by the CDSS
and expert geriatricians shows that the accuracy of the CDSS is quite high: 87.95% in the
case of malnutrition, 87.95% in the case of oropharyngeal dysphagia, 90.36% in the case of
malnutrition eating disorders in dementia, 86.75% in the case of dehydration).

Although the accuracy of the CDSS diagnoses does not completely match that of the
expert geriatrician, the results are quite promising because the CDSS is more accurate than
resident geriatricians in diagnosing malnutrition and eating disorders in dementia, and only
a few percent less accurate in diagnosing oropharyngeal dysphagia and dehydration. This
confirms our next hypothesis that the proposed CDSS, while not a complete replacement for
the expert physician, would be perfectly suited to help make a decision for less experienced
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physicians. The CDSS can be used as an additional tool useful not only for geriatricians
but also for general practitioners. Since the qualification of general practitioners is in line
with the experience of junior resident geriatricians, the developed CDSS will diagnose
geriatric syndromes much more accurately and can be recommended as a support tool to
help general practitioners (or other non-geriatricians) identify geriatric disorders.

One of the key benefits of XAI-based CDSS is that physicians can easily verify why
and on what basis the CDSS provided a specific assessment of the syndrome and use it to
determine the reasons for the discrepancy in the assessment. In this way, less experienced
physicians can understand where their assessment errors are, and expert physicians can
identify areas for improvement in the system. Despite the promising results of this study,
there are several ways to increase the precision of the proposed CDSS. One direction for fur-
ther research is applying a more sophisticated algorithm to convert the CDSS risk-certainty
pairs into concrete diagnoses. Another direction can include improving questionnaires and
including laboratory test results in the decision-making process. Research into solving this
problem is already underway.

In general, there are many ways to improve the proposed nutrition-related geriatric
syndromes assessment model and the CDSS. The proposed model and methodology for
the assessment of syndromes have the advantage that it can be easily expanded with
new symptoms and the possibility of identifying other syndromes and diseases or even
extended with recommendations for further treatment.

5. Conclusions

This paper proposes a novel approach for the diagnosis of nutrition-related geriatric
syndromes: malnutrition, oropharyngeal dysphagia, dehydration, and eating disorders in
dementia. This approach is based on the original XAI-based health risks assessment model,
which was implemented in the CDSS prototype tested under real conditions at the geriatric
department of Lithuanian University of Health Sciences Kaunas Hospital. The diagnoses
provided by the CDSS were compared with the diagnoses of resident physicians and expert
physicians. The results of this study, involving 83 patients, show that the proposed CDSS
can efficiently diagnose nutrition-related geriatric syndromes with high accuracy: 87.95%
for malnutrition, 87.95% for oropharyngeal dysphagia, 90.36% for eating disorders in
dementia, and 86.75% for dehydration. This confirms that the proposed XAI-based CDSS is
an effective tool, allowing even less experienced medical personnel to make more accurate
decisions faster and easier when the decision should be made using incomplete, uncertain,
and subjective data. The experimental evaluation of the proposed CDSS proves that in
some cases, the system makes even a more accurate decision than junior and senior resident
geriatricians. Therefore, the CDSS could serve as a screening tool in clinical family medicine
practice. If the risk of the syndrome is identified, the patient would be referred for an
outpatient geriatric consultation or an inpatient geriatric examination (e.g., a day hospital).
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Appendix A

Figure A1. Short-Form Mini-Nutritional Assessment Scale.
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Figure A2. Eating Assessment Tool EAT-10.
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Figure A3. Edinburgh Feeding Evaluation in Dementia Scale.
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Figure A4. Dehydration questionnaire.
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