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Abstract

For decades, efforts to standardize medical care have struggled to fundamentally
reduceerrorsand unjustified variationsin medical practice, largely due to theinfluence
of the human factor. The formalization of clinical guidelines and computer-assisted
interpretation makes it possible to provide decision-support tools to improve health-
care quality. They can better influence clinician behavior than narrative guidelines.
Medical ontologies and algorithms based on such ontologies allow the interpretation
of formalized clinical documents (guidelines). To support health professionals as
consultants, systems must provide reliable knowledge and rely on approaches
explicitly explaining their recommendations. Integrating software engineering,
knowledge engineering, and artificial intelligence advancements can provide health-
care professionals with computer-interpretable clinical guidelines. These should be
decision-support complexes combined under a common terminological framework
capable of understanding patient health documents. The research focuses on an
emerging concept of manufacturing systems working with digital clinical guidelines.
The paper presents an architectural principle, a new technology for creating viable
clinical decision support systems. It presents a development environment for
constructing and controlling the system’s improvements. The main contributions
of the study include the automation of multiple physician tasks by filling a single
structured “medical history,” integration of formalized knowledge from clinical
guidelines and other reliable sources to satisfy both the relevance of the methods
used and personalization to patient, transparency of all applicable knowledge,
explainability of advice based on the essence of the knowledge and linked to the
source, and the integrability of decision-support complexes with neural network
services, capable of inputting data from a structured medical history.

Keywords: Explanatory decision support system; Knowledge-enabled system;
Interpretable clinical guideline; Knowledge ontology; Viable system

1. Introduction

One way to improve health-care quality, reduce unwarranted variation in practice, and
lower health-care costs is through e-consultants. These tools are intelligent services and
computer-interpreted clinical recommendations integrated into the workflow of medical
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care."” To support health professionals as consultants, such
tools (e-consultants) must be based on solid, substantial
knowledge. Machine learning algorithms, including deep
learning techniques, provide consultations by being trained
on massive datasets. However, the specificity of medical
information means no datasets are adequate for solving the
problem. An exception exists in simplified prediction or
risk assessment tasks, where datasets consist of thousands
of uniform tuples of predictors. For pre-diagnostic tasks, a
large number of symptom checkers are provided.

This study showed that for 10 randomly selected
clinical cases with a reliable diagnosis (five from PubMed
publications and five from the city hospital) and the five
most promising symptom checkers, the correct diagnosis
was in the top five in 40% of cases, and became the most
likely in only two cases. This confirmed that artificial
intelligence (AI) services trained on data from one
institution work well on simple cases or data from the same
place. Fortunately, methods based on explicitly presented
and manageable information are being developed.

In medicine, collections of text-based clinical
guidelines for physicians, doctors, and clinicians are
constantly being expanded and modified. Formalized
clinical guidelines, which a program can interpret, make
it possible to provide decision support tools with better
chances of influencing clinician behavior than narrative
guidelines. The methodology of creating interpretable
clinical guidelines is rightly associated with knowledge-
based systems,’ a software system with a particularly
important information component, the knowledge base.
This additional architectural component is created with
the participation of specialists and experts. The methods of
automated recognition of such medical texts are still being
developed and improved. Experts input these texts into
electronic databases in a conscious and meaningful way.
However, this process requires appropriate formalization
tools.

The integration of explicitly written knowledge with
machine learning allows the vast amount of human
knowledge and the capabilities of machine learning to
be used to achieve previously unattainable performance.
Integration can increase the reliability and robustness of
machine learning, facilitate interaction between humans
and machine learning systems, and make system decisions
understandable to humans.* Knowledge-enabled systems
(KES) are applicable to mediate between machine learning
algorithms and human users.’

To support health professionals as consultants, not only
is high-quality knowledge important in such systems, but
these systems must also rely on approaches that explicitly
explain their recommendations. However, machine

learning algorithms have not been able to generate an
explanation of their decisions.

Time-consuming and complex systems are designed
for long-term operation and use. However, the terms of
use change over time, as do the user’s requirements for
functionality, interface, and even expertise. In medicine,
clinical guidelines, which reflect clinical knowledge and
practice, are subject to change. We refer to the software
system for physicians that can update its knowledge as
medicine evolves as a “viable” system.

Integrating advances in Al, software engineering, and
knowledge engineering can offer clinicians comprehensive,
medically intelligent systems that can provide credible
answers, understand patients’ histories and medical
records, and evolve with the knowledge of specialists.

This paper aims to present an architectural principle and
a new technology for creating explanatory clinical decision
support systems (ExCIDSS) and a tooling environment to
ensure their evolution.

The ontology-oriented production method is proposed,
the contribution of which can be expressed in five aspects:
(i) Independent (but coordinated) creation and support
of each type of architectural component: knowledge
bases, clinical dictionaries, software reasoners with
explanations (ontological interpreters), and user
interface. A single ontology ensures their consistency
Cognitive scientists are engaged in the ontology of
knowledge, laying the foundation for forming various
types of cause-and-effect, spatial, and temporal
relationships of medical concepts. Therefore, the
knowledge base is close to the real knowledge that
doctors are taught at universities
(iii) Explanation is formed based on the applied knowledge

base (in the format of the “ontology of explanation”

approved by doctors)
(iv) Evaluation of the created knowledge base with
various methods and tools. We evaluate the formal
completeness and integrity of the knowledge base and
conduct a monitoring assessment of the current state
and correctness of the replenished collection of cases
(precedents), ensuring a monotonous improvement of
the knowledge base
Software reasoners (together with a graphical user
interface [GUI]) do not depend on knowledge and
reference books. Therefore, they are repeatedly used
to lay out many systems with knowledge bases.

(ii)

)

The research’s novelty is as follows. Unlike most existing
methods of knowledge-based product constructing -
that assume either the presence of a sufficient set of data
to extract the necessary knowledge from them or the
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presence of an expert who can formulate an adequate set of
knowledge - our research attempts to address the problem
across the compatibility and complementarity of these
paths, rather than interchangeability.

Thus, the research scope is the manufacturing
technology of continuously developing trusted systems to
support difficult clinical decisions.

2. Materials and methods

2.1.The concepts of explanation in a decision
support system

Medical knowledge results from a person’s theoretical
and practical activities, reflecting the accumulation of
previous experience. Knowledge is the regularities of
the domain (relationships and rules) necessary to solve
problems based on new data (facts). Clinicians expect
recommendations or hypotheses from e-consultants with
convincing explanations and systems with solid, reliable
knowledge. The production of detailed explanations is an
important element of decision support systems in general
and computer-interpreted clinical guidelines in particular.

The generation of interpretable medical knowledge
requires additional specialized mechanisms. The universal
representation of knowledge in the form of rules processed
by a single “inference engine” has a limitation in medicine:
since the number of rules is measured in thousands, it
becomes virtually impossible for experts to review, verity,
refine, and correct them.

Semantic models of the medical knowledge domain
are required to formulate clinical recommendations as
components for CIDSS. These models must reflect the
logic that physicians use when appealing to their sentences
and fragments. The description of a set of concepts,
relationships, and constraints used by specialists when
solving problems and transferring knowledge between
specialists is what we refer to as a knowledge ontology.

The hierarchies of classes of entities and their binary
relations are already a step toward the declarative
representation of a part of knowledge, but they cannot
cover the most important clinical connections (and we
do not consider them to be a full ontological language).
Knowledge ontology is a part of the semantic description
of the medical domain, and the other part is the semantic
representation of data and documents. In domain
ontology, all the concepts of specialists, relations of
concepts, and restrictions on interpreting their meanings
are defined. Together with them, the required types of
statements are specified about factors such as necessary
conditions, grouping, and cause-effect relationships. This
ontological approach makes it possible to develop systems

that offer detailed explanations of their recommendations
for knowledge bases. Various intelligent components of
the system work with a single semantic description of the
source data, reading the elements they require.

Each intelligent component (algorithm) usually
interprets its specific blocks of knowledge in clinical
guidelines: diagnostic rules or treatment recommendations.
The engineering of such interpretable knowledge as
independent architectural components (knowledge about
diagnosis, risks, and treatment) is done based on their
ontologies.* Existing methods and technologies®” make
creating, testing, and deploying knowledge bases and
knowledge-based systems, or KES, possible.

The most detailed part of the explanation is formed
based on ontological knowledge (selected fragments in
the analysis) and, in some cases, partially copies its cause-
effect and structural connections. Forming the explanation
of the results in terms that are understandable to the doctor
and that correspond to his logic allows the application of a
full-fledged medical ontology.

The explicit representation of all concepts and their
relations makes it possible to input, shape, store data (and
knowledge), and demonstrate results that can be generated
automatically. Such ontological algorithms could be used
in conjunction with machine learning approaches, either
as a source of ground truth or as a thematic layer that could
be used to promote interaction or improve explainability.
When other AT modules are connected to generate advice,
recommendations, or solutions, they should work with a
single semantic description of the source data to ensure
compatibility in explaining all results.

Using medical ontology allows for creating a GUI in
terms that are understandable to the doctor and also, as a
rule, forms a dialog script that corresponds to the logic of
explaining the results. To support the doctor at all stages,
it is important to combine AI modules as components of
medical knowledge, obtained in different ways, into a united
ExCIDSS, all based on a single terminological framework.

Existing explainable AI methodologies use large
language models, requiring large capacities and rechecking
to mitigate potential hallucinations.*® The path used in this
study is an improvement (based on ontology) of classical
explanation generation: during the decision process, the
reasoner records its arguments in the knowledge base.

2.2. Decision support system maintenance and
viability concepts

The developer of a clinical system has the task of designing
and implementing the mechanisms that will provide
further maintenance to meet the changing knowledge and
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service conditions in the created software product. The
same mechanisms help solve problems in implementing
“continuous delivery;” a process in which software is always
kept relevant.

The application of typical architectural solutions,
declarative representation of components, and separation
of competencies between developers of components of
different types are all used to create maintainable decision
support systems. Information technology managers
struggle to scale Al projects because they lack the tools to
create and manage a “production-grade Al pipeline”*

With the advent of complex software systems, the
problem of their long-term maintenance has become
more and more critical. Maintenance is the possibility of
adaptation (to hardware and system software, to new types
of human-machine interfaces and users) and extensibility
(at the request of users). Modification of software systems is
due to changes in operating conditions, user requirements,
and subject area. In the operation of applied systems to
support professional activity, there is a need to add new
user-defined functions (and adapt to new devices or user
interface changes). The average maintenance cost of the
software system life cycle is about 50%,'" but according to
some reports, it can reach 80 — 90%."

In addition to maintenance, viability has become a
modern, useful property of software systems. It is defined
as sustainability in a changing environment (maintaining
usefulness and operability)," and the ability to evolve, as the
ability to adapt with the least possible cost to requirements’
variability, maintaining architectural integrity."* We will
specify “the viability” as software system resilience to some
functioning environment changes (the maintenance of
working capacity) and the ability to develop over the “life”
(evolvability).

In the case of applied decision support systems
in intelligent tasks such as diagnosis, planning, and
forecasting, the situation is different. Here, knowledge
variability and the emergence of new solutions, such as
creating new diagnostic methods and identifying new
influencing factors, are expected, rather than just the
extension of user functions. Therefore, the approach to
maintaining CIDSS should not be similar to maintaining
application software systems.

Many well-known tasks in diagnosis, treatment, and
prognosis in general and medicine, in particular, are quite
stable. Algorithms for solving them are described and
can be qualitatively programmed once for long-term use.
However, this is not the case for medical knowledge and
clinical guidelines. They cannot be “sewn” into programs
because they are regularly updated in this dynamic field.

Clinical decision support systems should have
one part (knowledge) that is constantly evolving and
another part that can read and understand it, i.e., be an
interpreter. Medical knowledge, such as clinical guidelines,
is an evolving part of ExCIDSS. ExCIDSS are expected
to remain useful and effective in an environment of
changing knowledge. Under conditions of variability in
clinical knowledge, the viability of the medical system is
manifested in its ability to adapt and update in response to
new information and evolving practices.

In medical knowledge, the influence of factors and
events on the patient’s state, their change over time,
individual characteristics, and some of their processes
on others is important. The development (evolution) of
such complex knowledge bases is the main “challenge”
of modern “conditions” with (Ex)CIDSSs. “The ability to
adapt under a change in the set of facts and knowledge” is
one of the aspects of intelligence."®? For medicine related
to solving intellectual problems, this implies the evolution
of knowledge. The ontological approach to knowledge and
programming for working with them was sufficient.

3. Clinical decision support systems
as software systems that apply
understandable knowledge

To ensure that doctors trust CIDSSs, their developers
need to demonstrate correctness (sometimes accuracy)
on subsets of precedents (cases from practice), implement
the ability to explain the proposed solution or hypothesis
(the explanation must be understandable, consistent with
formalized knowledge), have a mechanism for permanent
improvement of the knowledge base that does not worsen
its correctness, apply procedures for regular evaluation of
stored clinical knowledge, and provide the opportunity for
specialists to read and evaluate the included knowledge.

Knowledge must be formed considering standardized
clinical guidelines and under domain experts’ control. One
method is to use trained text recognizers. Knowledge can
sometimes be created by experts themselves (possibly with
knowledge engineers and cognitive scientists). In this case,
experts fully participate in the development and maintenance
process with programmers and designers. This requires
knowledge bases to be presented in a form understandable
to medical domain experts. When knowledge is isolated
and framed in independent architectural components and
knowledge bases, the system using them becomes a KES.

Several Al, mathematical modeling, and machine
learning methods for solving practical problems provide
medical services based on hidden knowledge.'® In
medicine, these are most often the tasks of risk assessment
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(for example, risk of hypokalemia in patients with arterial
hypertension) and predicting complications.'*® Almost all
services based on machine learning provide versions of a
preliminary diagnosis without considering the dynamics of
the patient’s observations.'** For such tasks (preliminary
diagnostics, risk assessment, or forecasting), as a rule, an
intelligent service becomes inaccurate if it was “trained” on
the data of one institution and it tries to operate in other
circumstances.

There are tasks for which no one has yet accumulated
adequate training material. In medicine, these are
corrections to disease treatment and differential diagnosis.
For this, intelligent services consultants trained on text
corpora (and GPT helpers) within the idea of hybrid
services to support the doctor’s work may be used.

3.1. The influence of the ontological model on the
properties of system components

For CIDSS to correctly formulate advice or results for
solving medical problems (risk, diagnostics, treatment,
and prognosis), it needs to operate with concepts that
specialists use. For example, for knowledge of the task of
monitoring the recovery process, one of the most common
types of sentences (statements) is:

<process type, set-of {(period, + interval ), set-of
{characteristicj, characteristic values rangei).k}}>.

For the diagnosis of diseases, statements about the
relationships are needed:

<diagnosis,, process’ existence necessary condition,,
set-of {factor, }>;

<diagnosis, set-of {symptom complexjk| variant, of
disease course}, [necessary conditionj] >;

<symptom complex,, set-of {feature, range,; of values
of feature}>;

<symptom complexk, set-of {signjk, {periodik, duration
of period, range,, of values of sign, in period }}>;

<variant_of disease course, set-of {(period, +interval ),
set-of {observation,, set-of {observation elementjk, range of
Valuesijkn> H>;

<necessary condition,, set-of {factor, }>.

All such concepts and relationships are explicitly written
and “available” to algorithms when they are developed
based on ontologies and access to explicit knowledge
resources. The medical ontology was created by experts
and knowledge engineers. The factors without which a
disease does not begin can be the events or properties of
an organism; they can also determine one of the options
for the development of the disease. For the treatment of

diseases, the statements about the method to eliminate the
cause of the disease:

<diagnosisk, event , set-of {(observationjk, new-range,
of observation values)}, delayku>;

The statements about the impact on an organism for
recovery start:

<process variant, , (period , interval ), treatment
event,, set-of {observation, , value range, (period
interval | )>}}>;

(i+1)n’

The statements about acting on a symptom to
alleviate it:

<process variant,_, (period_, interval ), observation,,
n in in jk
values, range, (event, delay, ), values new range, >.

The domain ontology represents all types of statements
as a structural language (template) for introducing or
describing knowledge. The knowledge base explicitly
contains sets of statements of the corresponding type
sufficient for this profession.

The traditional architecture of KES is the knowledge
base + fact base + intellectual problem solver + intellectual
GUI.PFnn200% Knowledge bases are generated manually or
inductively, including training samples from archives and
databases; this process involves inductive generalizations
in machine learning.'® Bayesian classifiers, clustering
algorithms, and reinforcement learning®-** are sometimes
involved in this process.

The approach to creating systems with transparent
knowledge bases is based on an architecture expanded
by a new component: ontology + ontological knowledge
base + ontological fact base + ontological interpretator
(problem solver) + intelligent graphical interface. It can
include databases with reference information, operational
information, and work with files.

Often in one domain, a set of interrelated tasks is
solved; examples of related tasks are diagnosis, treatment,
and prognosis. To solve all tasks, one formal domain
ontology can be created, but it is more convenient to map
a separate ontological resource to separate tasks solved in
the domain. A set of formal ontologies for related tasks
may be required when designing applied systems with
knowledge bases, which is followed by the creation of a set
of ontological knowledge bases (for each task).

3.2.The influence of ontology on the integrability of
various components within a single architecture

To combine various achievements of knowledge
engineering and Al in complex medical intelligent
trustworthy systems, it is reasonable to choose the
document “patient’s medical record” as an integration

Volume 2 Issue 3 (2025)

142

doi: 10.36922/aih.5736


https://dx.doi.org/10.36922/aih.5736

Artificial Intelligence in Health

Explainable solutions from Al for HSSs

point. The document “medical history of any patient”
contains a structured set of facts observed or objectively
measured in the considered situation (medical case)
regarding which the problem is solved.

All results and decisions are recorded in the same
document (medical history), regardless of the method
in which they were collected. The place in the document
structure must be strictly connected with the essence
of the result (diagnosis in one place and prognosis in
another). Such a document structure is part of the domain
ontology. Thus, it can be asserted that ontology ensures the
integrability of various components.

Often, it is necessary to add a pre-existing software
service with hidden knowledge (trained model) to the
system to solve a specific problem. Typically, this task falls
into one of three categories: risk assessment, prediction,
or recognition of a class of pathologies. A structured
description of the service is sought, which includes the
following elements: (i) name and author of the method,
(ii) essence of the result, (iii) vector of initial data, (iv)
conditions of applicability (entering values in limited
ranges), (v) manner of launching the service, and (vi) if
the expected response of the service is numeric, then the
description should also include the interpretation of the
result.

For the mutual exchange of data and results with
software services (with hidden knowledge), a single
semantic template is used: <name of method, author,
essence of the result, vector of initial data, [conditions
of applicability], description of result interpretation,
launch method or full address of microservice>. For
example, for a software service for assessing the risk of
developing a disease, the description of the interpretation
of the result = a set of pairs <threat level value, range of
calculated values>. Adding such a semantic template (with
a description of the interpretation of the result) to the
medicine ontology ensures the explainability of connected,
intelligent services. The vector of initial data (from the
semantic template) should be formed only with the help
of the terms of the “medicine” thesaurus. The “medicine”
thesaurus (a dictionary of terms for observing a patient
and studying the patient’s body) is traditionally considered
part of the ontology of this domain area. Hence, the
ontology is a structural basis of both tools for experts and
users (editing tools) and for software components of KESs.

4. The viability model of clinical
knowledge-enabled decision support systems
An ontology, as a structural basis for viewing and editing

knowledge bases, provides a basis with a declarative
property. However, for the knowledge base to be adaptable,

the user interface of the knowledge editing tool must meet
the requirements and expectations of domain experts.

The main challenge in medical systems manufacturing
is ensuring that the knowledge reflects current knowledge
(e.g., clinical guidelines) and continuous improvement.
Continuous improvement of the knowledge base allows it to
become a reliable source (repository) of expert knowledge,
hoping to create a “reference” knowledge base. Its quality
will determine the success of the use of this knowledge.

The relevance of a knowledge base is achieved through
three main ways:*?* interactive change of the knowledge
base, usage of machine learning methods (tools of
inductively generating knowledge from selected precedents
and tools of knowledge discovery from “big data”), or a
combination thereof. The “success” of adaptability depends
on several conditions and principles.

4.1. Architectural properties of clinical systems
enabled with declarative knowledge

This intelligent software system class, which explains
decisions, requires specialized development and
maintenance tools. The key principle is the special role
of the knowledge ontology (as a model of professional
concept relations). Its formalized representation, separated
from the professional knowledge itself, allows for the
independent development of each ontological component,
relying on its integrability. The medical ontology makes it
possible to create a GUI that is understandable to the doctor
and, as a rule, to create a dialogue script corresponding to
the logic of explaining the results.

The interpretation of knowledge consists of choosing
each hypothesis and transitioning from it (along the
chain of connections) to the expected values areas of
observations for subsequent comparison with facts, as
well as constructing an explanation with the collected
arguments. The “structural” complexity of the ontological
interpretation algorithm is determined by the number and
the length of the chains of cause-and-effect relationships in
the statements, the degree of fuzziness prescribed in cause-
and-effect relationships and statements, and the structure
of observation, description, or conditions for a decision.

To develop interpreters (task solvers), coding tools
for new software units or their new versions, tools for
cataloging units for reuse, and tools for integrating reusable
units and new ones into new solvers or their new versions
are needed. Solvers built according to a given ontology (for
problems of diagnosis, prognosis, etc.) must be reusable
reasoning engines of medical services. A version of clinical
knowledge is their input parameter. Therefore, regular
updating of the knowledge base does not require changes
in other components of the KES.
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A connector module is used to connect an external
microservice to the medical service, which solves an
additional task for the same data (documents about the
patient). It consists of standard tasks such as reading
the list of names of the required data in the declaration
(specification) of this external service, finding the values
of this data in the input document, composing a “PUT”
request with the specified uniform resource locator, and
sending it. If the microservice is not interactive, it is
necessary to wait for a response, select fragments (specified
in the declaration) for explanation, and add them to the
provided substructure of the final explanation.

4.2, Ontological approach to support and develop
KESs

The dependency of all KES components on a domain
ontology supports the viability properties, which include
the replaceability of components for their improved
versions, admissibility of the improvement of the decision
method, permissibility of changing or adding functions (for
example, the formation of additional results), adaptability
of the user interface due to changes in the input data, and
permissibility of expanding the ontology (adding concepts
and relationships).

As a result, the structure of the KES and its components
does not require changes due to current maintenance and
sustainable development.® As mentioned above, this class of
software systems (CIDSSs) requires specialized maintenance
tools because clinical guidelines (and other medical
knowledge) are constantly evolving. Due to the importance
of evolving knowledge bases, only CIDSSs integrated with a
knowledge base management system should be considered.

A toolkit for building application systems with
declarative (interpretable) knowledge is based on a domain
and problem ontology. If a separate formal ontology is
created for each task (diagnosis, treatment, prognosis,
etc.), it is easier to develop tools to ensure the quality
of homogeneous, localized knowledge. The tools for
developing and verifying knowledge bases are desirable
to be integrated into the architecture of the decision
support system (to be a part of the integrated architecture
of the decision support system). Thus, a maintenance
environment has to provide knowledge base editors, tools
for assessing knowledge bases by archives of etalons (solved
problems), tools for checking and evaluating the quality of
knowledge bases, and tools for the inductive formation of
knowledge base fragments.

If the pre-existing solver is in accordance with
the problem statement and “building up” additional
functionality is not supposed to be used, then coding tools
for program units may be unnecessary.

4.3.Testing the quality of the system with a
knowledge base

When testing the quality of ExCIDSS work, “control
sets of clinical cases” should be used. This is a
carefully selected set of documented medical histories
containing the correct solution and facts sufficient to
develop the correct solution. Based on the “control set
of clinical cases,” a “control set of test cases” (CSTS)
should be prepared by clearing out information that is
not important for the target task. This, in particular,
depends on the task being tested (treatment, diagnostics,
prognosis, or prevention).

We believe it is important to use metrics to assess the
quality of the ExCIDSS components (such as sensitivity,
specificity, positive predictive value, and precision) and
metrics to evaluate the quality of ExCIDSS performance
in supporting the solution of specific clinical problems.
These metrics are defined to the CSTS. For example, for
the task of forming hypotheses about a diagnosis, we use:
CorrectnessEstimation (number of tests-with-a-finding/
card of CSTS) and AccuracyEstimation (number of tests-
with-a-hit/card of CSTS), where a test-with-a-finding is a
test clinical case of a certain disease, for which the ExCIDSS
generated many hypotheses during testing, among which
was this disease. The test-with-a-hit is a test clinical case
for which the ExCIDSS generated its disease as the only
hypothesis. The card of CSTS is the power of the set of all
prepared test clinical cases.

These quantitative metrics are associated with clinician
satisfaction. For almost every clinical task (except for
differential diagnostics), the metrics for assessing the
accuracy and correctness should be determined separately
for each of the diseases, knowledge of which is “embedded”
in the ExCIDSS. Each of these tasks has its own requirement
for the set of patient data in the test clinical cases used, and
they are not the same for acute, slowly progressive, chronic,
and hereditary diseases.

5. Manufacturing environment for viable
clinical decision support systems

As noted above, this class of clinical software systems
in the construction of <ontology + set of ontological
knowledge bases, set of ontological interpreters, set of user
interface components, sets of facts> requires specialized
development and maintenance tools where coding tools
for new software units or their new versions may turn out
to be unnecessary. The authors are aware of ontological
portals but not of development environments focused
on quality assurance and the development of ontological
components for such systems.
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5.1. Implementing KESs in manufacturing
environments

An example of an environment for producing clinical
KESs is thematic medical ontological portals, and an
example of a toolkit for modern KES production and
maintenance environments is the Intelligent Adaptive
Clinical Platform as a Service (IACPaaS) cloud platform.
The creation of an ontological portal starts with the
creation of an ontology as a semantically structured basis
for the creation and processing of ontological information
resources (Figure 1).

An ontology (as a template or “meta-information”
defines a semantic model, structure, rules for the formation
of information resources, limitations of its interpretation,
or processing rules.” Usually, cognitive scientists (users of
the IACPaasS platform) form such semantic structures and
rules for the community of experts and specialists (users
of the IACPaaS$ portals) (Figure 1). The tool for ontology
formation is the IACPaaS meta-information-editor
“ontology editor”

Creating an ontology is a creative process requiring
extensive analytical work and a systematic domain analysis
to identify common patterns in forming knowledge,
structure, and integrity constraints. The ontology is
generally not changeable throughout the life cycle of the
KES. The separation of an ontology from a knowledge
base (and a set of facts) leads to the ability to interpret
them with a specialized ontology-based algorithm. The
algorithm (ontological reasoner) searches for or refutes
hypotheses by traversing the (declarative) knowledge
base. It “sorts” the knowledge base statements of each type
related to the hypothesis, comparing these sentences of
input information (patient’s document).

The medicine ontology was carried out by cognitive
scientists (knowledge engineers) together with experts. It

Ontology

editor

Domain ontology

Information ontology

“covers” several classes of tasks (for example, diagnosis of
diseases regardless of their etiology*). The knowledge base
isan ever-changing component and should be formed based
on the created ontology. KES is a special case of applied
software services on the IACPaaS platform (IACPaaS
services). They need the information resources (of the
portal), such as knowledge bases. The set of IACPaaS-portal
tools for the formation of KES’s information components
are the TACPaaS-editor of knowledge base, generated
in terms of ontology with a self-adaptive user interface
(Figure 2), and the IACPaa$ data editor (with self-adaptive
user interface) (Figure 3).

The regular generator of information editors makes
knowledge base editors available and constantly operating
in the production environment (Figure 2).

In addition, the IACPaaS toolkit to form software
solvers (in addition to coding tools for software units)
contains (Figure 4) (i) an [ACPaaS meta-information editor
to explain the resulting structure, (ii) a “master” of the
formation of declarative parts of software units and their
blocks-reasoners, which conduct reasoning on ontological
information, (iii) a generator of code blanks (according to
declarative parts) for new IACPaaS software units, (iv) a
solver constructor from GUI (or “root”-unit or IACPaaS-
agent), a software unit (being represented by its declarative
parts), including connector modules, and (v) tools for
testing [ACPaasS agents and preparing them for reuse.

5.2. Creating clinical KESs using Intelligent Adaptive
Clinical Platform as a Service environment tools

The KES design technology in the proposed environment

provides for a sequence of activities.

(i) Find pre-existing knowledge ontologies whose
concepts and relationships are sufficient for the tasks
and data ontology. If the IACPaaS platform does
not already have an ontology for the problem under

Ontology of technology

Service ontolo
Knowledge Domain Inputdata Ontology Ontology Sol t ?y
ontology thesaurus ontology of explaination of precedent e
class Software unit ontology
: f . . Editors of
Editors of Editors of cases Tool for knowledge Tool for inductive component

knowledge bases description

base estimation

knowledge forming Neclhanons

Figure 1. Basic components of the environment for developing basic components of a knowledge-enabled system
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¥ DISEASES

» 1 [Complex of diagnostic features]

[ Disease Group (or Subgroup) |

[ Complex of diagnostic features |
Concept instance creation 'Disease’
Attributes:

» DISEASES OF RESPIRATORY BODIES [Disease Group (or Subgroup)]
» DISEASES OF THE CIRCULATION SYSTEM [Disease Group (or Subgroup)]

» Diseases of the gallbladder, diseases of bile ducts [Disease Group (or Subgroup)]
» Diseases of the esophagus [Disease Group (or Subgroup)]

» Diseases of the stomach and duodenum [Disease Group (or Subgroup)]

» Bowel diseases [Disease Group (or Subgroup)]

» Diseases of the liver [Disease Group (or Subgroup)]

» Diseases of the gallbladder, biliary tract [Disease Group (or Subgroup)]

» name”®

- comment

Create I Clear | Cancel ‘

[ Disease Group (or Subgroup) |
[ Disease ]

Figure 2. Development process by the Intelligent Adaptive Clinical Platform as a Service editor of the knowledge base

& > % Ontology of the electronic medical record V.4 {LIST}

1lf@dvo.ru/My Fund/Portal Ontology/Ontology of the electronic medical record V.4
¥ >k Personal medical card {LIST}
» > Patient data * ( = 'copy’) (ref-new)
» >k Metrics of patient ( = 'copy’) (ref-new)
» < The patient * ( = 'copy') (ref-new)
» >k The results of the research * ( = 'copy') (ref-new)
» < Medical examinations, consultations, medical history ( = 'copy') (ref-new)
» 3¢ Interventions and procedures * ( = 'copy') (ref-new)
» < A set of other medical records ([=] 'copymm’) (ref-new)
» > > Hospitalization and treatment * ([=] 'copymm) (ref-new)

Figure 3. The example of the Intelligent Adaptive Clinical Platform as a
Service medical document ontology

consideration, e.g., for risk assessment or prevention,
the knowledge engineer uses the ontology editor
to describe a set of relevant concepts, relationships,
and constraints (creating a knowledge ontology for
the problem or task). Often, the engineer will work
with the expert to establish a set of decision rules
(ontological agreements). A new task may require an
extension of the thesaurus
Formation of the knowledge base by medical experts.
The TACPaaS knowledge base editor (for example,
based on the extended knowledge ontology) may be
required. It is possible to formulate clinical guidelines
without obstacles. Using the tools for translating text
documents into a given structure is advisable. As a
rule, creating the knowledge base is a collective process
(iii) If the creation of a solver is required, then the designer
uses the ontology editor to create an ontology to

(ii)

explain the results. Using software engineering
techniques, designers and programmers then declare
and implement solver components (agents). Notably,
creating a knowledge base and creating a problem
solver (particularly assembling program blocks from
the library) are parallel processes. The ontological
structure ensures the compatibility of the components
within the portals created.

5.3. Ensuring clinical KESs’ viability

The properties of KESs related to viability are provided
by the development environments implemented on the
IACPaaS platform. Consider the example of the knowledge
updatability property and support for knowledge updating.
When an update to the knowledge base is required
in connection with the acquisition of new knowledge
(statements), it is possible to modify it manually. This
development (production) environment has knowledge
base editors.

Then, it is important to evaluate the consistency with
the available facts. It must check the non-decrease of a
set of correctly solved tasks when replacing the version
of the knowledge base (according to the importance of
monotonous improvement of knowledge bases®). The
procedure for checking the non-deterioration of knowledge
is as follows: from each reference task (precedent), enter
input conditions into the solver integrated with the new
version of the knowledge base, and obtain the explanation

Volume 2 Issue 3 (2025)

146

doi: 10.36922/aih.5736


https://dx.doi.org/10.36922/aih.5736

Artificial Intelligence in Health

Explainable solutions from Al for HSSs

- -

Knowledge
base-j

Knowledge
base-i

“Master” of service

TIACPaaS servce-j

construction

A
IACPaaS servce-k ’

IACPaaS
knowledge base
editor

IACPaaS solver-i

J IACPaasS solvers library

IACPaaS solver-j

External
MicroService-s
with URL

=

IACPaa$ data

I
I editor
I
I

s 4
TACPaaS agent-

IACPaaS

processing agent-i

IACPaasS root
agent-m

IACPaa$ agents library

"Master" of
solver declaration
& formation
IACPaa$S semantic
structure editor

“Master” of
formation of
software units
Java IDE for
IACPaa$ agent

IACPaa$ engineering ontology
IACPaa$S API

Figure 4. The model of the KESs manufacturing environment

Abbreviations: API: Application programming interface; IACPaaS: Intelligent Adaptive Clinical Platform as a Service; URL: Uniform resource locator.

to compare it with the result, fixed in this precedent. It
is advisable to develop a tool for checking the quality of
the knowledge base together with a solver since they have
many common software blocks.

If it is necessary to update the knowledge base in
connection with obtaining precedents that do not
correspond to the knowledge (if the precedent contains
the correct result of solving the problem, which does not
correspond to the result obtained with the help of KES),
then it is effective to form a new version of the knowledge
base automatically, based on the methods of inductive
formation of fragments of the knowledge base. An
example of such an update of knowledge “from practice”
occurs when, after a certain period, the correct result of
diagnosis or treatment becomes available from a medical
institution. This outcome is then compared with the result
from KES: are they contradictory? In such cases, evaluating
the consistency of the updated KES’s work result with
existing precedents is preferable.

To implement the process of monotonous improvement
of knowledge bases, the following means are required:
(i) inductive knowledge creation tools for each intellectual
problem solved (diagnosis, planning, forecasting, etc.),
(ii) tools to support the choice of precedents (correctly
solved problems in a statement), and (iii) tools for
verifying the correctness (quality) of the new version
of the knowledge base (the same as described above).
The “knowledge updatability” property depends on the
availability and performance of the above tools; other

tools are added to the development environment (as a
framework) one after another.

We compared the process of building a complex of
interconnected evolving knowledge bases to make medical
systems using the Protégé® and IACPaaS* tools. We created
classes of diseases, symptoms, and drugs on the web, in
Protégé. Next, we had to associate diseases with symptoms
using the object property mechanism (some acute diseases
required a dynamic description of the clinical picture).
However, these mechanisms did not describe knowledge
in a way that doctors would need and understand, and
explaining the dynamics of disease development was
particularly difficult. It should be noted that the Protege
tools are incomprehensible and difficult for doctors; they
are intended for knowledge engineers (although describing
the dynamics proved difficult for them). Similar difficulties
were encountered when trying to describe treatment
protocols, taking into account the specifics of drug use and
patient characteristics. Protégé’s mechanisms did not allow
the patient’s history to be formed as a single document.
In contrast, the advantages of IACPaa$ in addressing this
limitation have been demonstrated.

5.4. Implementing a clinical knowledge-based
decision support system

The formation of a Medical Portal, Med-IACPaaS (https://
iacpaas.dvo.ru/), began with the development of medical
ontologies and editing tools. Previously formed by experts
and knowledge engineers, the medical ontology has been
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formalized as a hierarchical semantic network. It includes
a glossary of terms (more than 25,000) for describing the
patient’s anamnesis, current state, complaints, objective
results, laboratory, and instrumental research. The
glossary contains commonly used and specific terms,
such as the basis of symptoms of cardiological pathologies
and neurological terminology. Additionally, the ontology
also includes an ontology of medical diagnostics (about
70 concepts and 100 relations between concepts) as one
of the knowledge ontologies, the ontology of knowledge
about the nomenclature and effects of medicines on the
human body with various impaired functioning (about
80 concepts), the ontology of treatment regimens of diseases
(about 80 concepts), and a knowledge base (for several
nosology groups) formed based on the ontology, the
ontology of medical case records history (more than
120 concepts) nodes of the intended for describing
information about characteristics of an organism, facts,

events, and observations in patients, and the formats of
structured reports with analysis and explaining hypotheses
on decision on the base of knowledge.

In terms of such networks, experts then began to create
knowledge bases without the participation of knowledge
engineers. To date, experts and doctors have created and
maintained clinical information guides as knowledge bases
on a wide range of nosologies (Figure 5). The diagnosis
knowledge base, formed in terms of the ontology of
medical diagnostics, currently includes more than 250,000
concepts describing the diagnosis of 35 diseases from
10 groups. The knowledge base formed in terms of the
treatment ontology currently contains more than 90,000
concepts.

The TACPaaS clinical services were created on various
nosologies: viral, diseases of the oral cavity, salivary glands,
and jaws, diseases of the gallbladder, biliary tract, and
pancreas, bowel diseases, hemorrhagic fevers, coronary

Vv > DISEASES OF THE RESPIRATORY SYSTEM [A group of diseases (or Subgroup)]

¥ > % Viral [A group of diseases (or Subgroup)]

» 3 MERS-CoV * [Disease]
» > Parainfluenza [Disease]
¥ 3¢ Flu [Disease]

¥ 3k The version of the manifestations of the "National guide 2013" [Complex of symptom
¥ Complex complaints and physical examination

» > | Body temperature [Sign]
» > 1 Chills [Sign]
¥ > Sore throat [Sign]
¥ Asimple sign
¥ 1 [Period dynamics]

0 0.5 [the lower bound of the duration (sort: real)]
0 2.0 [the upper bound of the duration (sort: real)]

» 1 [Option values]
0 >k day [unit (sort: string)]
¥ modality
O specificity (type: string)
> 2 [Period dynamics]
* Malaise [Sign]
1 Dizziness [Sign]
>k Arthralgia [Sign]
* Myalgia [Sign]
*k General weakness [Sign]
>k § Vomiting [Sign]
* | Headache [Sign]
>k 1 Cough [Sign]
» >k Cyanosis of the lips [Sign]
» The causes of the disease

VYyVYyVYVYYVYYVYY

» <no translation for 'https:/klinica.com.ua/diagnoz'> [Dinamical Complex of Symptoms]

» Details of the diagnosis

Figure 5. The fragment of the description of some diseases in the diagnosis knowledge base of the Medicine Intelligent Adaptive Clinical Platform
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heart diseases, diseases characterized by increased blood
pressure, and chronic rheumatic heart disease. Usually,
experts form a clinical picture of diseases with dozens of
dynamic symptoms. The knowledge about the diagnostic
signs of biliary tract disease was built inductively, based
on the data set of their surgical department. In addition,
from the knowledge built by the linguistic processor
Ontosminer (http://ontosminer.opkrt.ru/) based on the
analysis of millions of documents from the free resource
PubMed, some clinical guidelines were selected for which
it was possible to carry out validation based on real case
histories. Specialists in mucopolysaccharidoses manually
created them, tested them on real examples of patients
from different countries, and refined the knowledge.

Developing knowledge bases and intelligent software
components for medical services was carried out in
parallel. Such services are intended to help medical teams
and institutions support the solution of the problems
of their intellectual activity, providing a “third opinion”
through cloud means. Their hypothesis explanations rely
on formalized knowledge (Figure 6).

The labor costs are fully justified because each solver-
interpreter works for more than one profile, and each
nosological base is used to solve several intellectual
problems (diagnosis, treatment, and prognosis). The
“cloud” implementation of CIDSS allows the monitoring
of relevance and evolving a single clinical guidelines
base for several profiles and classes of tasks. The general
base accumulates the experience of several professional
communities and teams in addition to universal knowledge.

Diagnostic process [Explanation Structure]
» Covid-19 [Hypothesis]
» CaseHistory211 [MedicCase]
¥ Signs confirming the hypothesis
¥ Signs characteristic for the diagnosis
v Fatigue [Sign]
is observed [value (sort: string)]
2.0 [moment (sort: real)]
¥ Shortness of breath [Sign]
is observed [value (sort: string)]
¥ Sleep Disorders [Sign]
is observed [value (sort: string)]
¥ Excessive sweating [Sign]
is observed [value (sort: string)]

v Signs needed to confirm the diagnosis, but not found in the

medical history
Pulse rate on the radial artery [Sign (sort: string)]
Staining of the anterior pharyngeal wall [Sign (sort: string)]

RNA detection of SARSCoV-2 coronavirus [Sign (sort: string)]

6. Comparing different approaches to the
automation of medical activities

Today, specialists from different medical teams are using
medical TACPaaS$ services to test the capabilities of Al
in solving various problems for formalized health case
histories. For general practitioners, differential diagnosis
services are being created, and for gastroenterologists,
a complex for diagnosis, treatment, and prognosis of
recovery. For cardiologists, the complexes are made so that
the risk assessment is carried out in two ways: based on
ML and formalized knowledge. In comparison, advice on
diagnostics is given in two other ways: based on knowledge
and formalized precedents.

Medical software assistants (solving different tasks) are
built using IACPaasS tools and components of the IACPaa$S
medical portal. All assembled systems work based on a
single terminological base of symptoms and facts (more
than 20 thousand) with synonyms.

The overall knowledge base is large and maintained
by multiple experts. Updates are carried out according
to procedures that keep the cloud services running. For
example, knowledge on some digestive system diseases has
been expanded, information on the regional manifestations
offever caused by rodentshasbeen clarified, and new, unique
knowledge on metabolic disorders of glycosaminoglycans,
mucolipids, and gangliosides has been added.

Knowledge base editing and verification tools are used
to update current diagnostic and therapeutic knowledge.

Risk assessment [Explanation Structure]
» High Risk SCORE2 (Risk of coronary events) [Hypothesis]

4
» CaseHistory121 [MedicCase]
¥ Applying the model
'V Conditions for applying the model
» Age [Sign]
» Hypertension [Sign]
V¥ Factors requiring correction
'¥ Cholesterol [Factor]
¥ Recommended correction
low intake of unsaturated fats, emphasis on whole
grains, vegetables, fruits, fish [Diet (sort: string)]
at least 150 min/week. moderate physical activity (30
minutes 5 days/week) or 75 minutes/week. active
aerobic exercise (15 minutes 5 days / week) or a
combination of them [Lifestyle change (sort: string)]

Figure 6. The fragment of hypotheses explanatory in diagnosing the Intelligent Adaptive Clinical Platform service
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Inductive knowledge generation tools based on tabular
data sets are used for two types of tasks. To test the
knowledge, tools are used to compare solutions in the
reference case history sets with the generated results of
each Al component integrated into the medical IACPaaS
services. Two comparative analyses were carried out:
(i) opportunities for generating advice: IACPaaS-ExCIDSS
(including integrated ones) versus other available services,
and (ii) labor costs (as the number of employees) to
maintain the relevance of the knowledge base. In the
cloud implementation of knowledge-enabled services,
there is a division of competencies versus traditional KESs
development.

The comparative analysis involved five medical internet
services  (https://symptoms.webmd.com, https://www.
everydayhealth.com/symptom-checker, https://www.
mayoclinic.org/symptom-checker, https://kiberis.ru, and
https://symptomchecker.isabelhealthcare.com) and five of
the most recent IACPaaS$ “assemblies.”

Five clinical cases were randomly selected from the
accumulated set of clinical cases from practice, and five
clinical cases with the same diagnoses were taken from
publications on PubMed. As for internet services, for 10
reference cases, the true diagnosis was rarely in the top
three (Table 1): 2 — 4 times (out of 10 stars), and more
frequently in the top 10: 6 — 8 times. In contrast, with
IACPaaS, the true diagnosis appeared in the top three
7 - 8 times, and always within the top 10.

The results of treatment and prognosis are difficult to
compare, because only one internet service was ready to
issue a cure, and two of our selected IACPaa$S assemblies
had a treatment module (prescription was issued for
eight + six cases, 6 times it coincided with prescription
from the reference case).

The prognosis is always implemented separately from
other tasks. It is aimed at a specific disease, while IACPaaS
services can predict disease course at the initial stages of
diagnosis and predict recovery course (with the prescribed
treatment).

Before creating a cloud platform and developing an

Table 1. Comparative analysis of diagnostic hypotheses of
two types of Internet services

The reference
diagnosis was in the

Type of service The reference diagnosis

was in the top 10

top three
Internet 2-4 6-9
Intelligent adaptive 6-8 10

clinical platform

ontological approach, we developed several diagnostic
consultants with a knowledge base based on the rules.
The development of the first version of the diagnostic
service for a group of diseases (therapy, ophthalmology,
and gastroenterology), including about 15 diseases, took
an average of 20 months: for testing with debugging
(8 months), to expand with another disease (a month),
and subsequent testing with debugging (2 months).
With cloud implementation of KES (with separation of
competencies) for a similar group of diseases, it takes on
average 10 months (due to a more understandable form
of writing): Ontological Diagnostic Reasoner (5 months),
testing with debugging (3 months), to extend with another
disease (1 month), and new testing with debugging is a
month.

Internet services provide savings by scaling their use.
Theoretically, to offer many specialists and teams of the
same profile, additional efforts are required only to integrate
the presentations of patient data. However, in practice,
services have a limited set of concepts that do not allow
them to accept all the information about the patient. In the
(new) cloud technology KES, with a separate declarative
knowledge base and a powerful glossary of terms, there are
several savings due to a single center of knowledge update
and knowledge control (by accumulated case histories).
Similarly, the knowledge base about treatment is improving
(but there is no way to compare because the team did not
have much experience in the past).

The situation to test the system’s viability was
requested in early 2020 to expand the service for the
diagnosis, differentiation, and treatment of COVID-19. In
comparison with other service providers who presented
updated versions a few months after the appearance
of diagnostic guidelines (Infermedica, klinica.com.ua,
and medicase.pro), in our technology, the addition of
an existing knowledge base to describe several known
variants of manifestation, course, and diagnosing methods
of the new disease took several days.

For this extension of the KES, medical experts used two
knowledge base editors, adding several dozen statements
of diagnosis and treatment. The accuracy of the updated
knowledge base was evaluated using the first 15 case
histories available. A week later, a new cloud service was
launched to search for hypotheses about a patient’s possible
viral disease and differential diagnosis. This cloud service
is an example of explanatory AI (Figure 6). It provides a
rationale for the proposed solutions and recommendations
(unlike the services of klinica.com.ua or medicase.pro).
The service indicates which signs of the disease are/are not
included in the clinical picture of the disease and whether
additional information is needed to confirm or refute it. At
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the same time, the service asks which values of which signs
need to be obtained additionally.

The new cloud service and a declarative method for
accessing it (based on the existing solver) demonstrate the
feasibility of the technique and approach for evolving KESs
and the adequacy of the proposed infrastructure for the
development and ongoing evolution of KESs.

7. Conclusion

The application of the proposed approach ensured the
construction of scalable medical software services to
support specialists of different profiles at different stages of
work. It has been demonstrated that the proposed method
for producing medical software assistants brings them to
the level of explainable A, which is the consequence of the
interpretability of clinical guidelines and knowledge about
the course of diseases and their management.

The proposed methodology and production
environment for viable systems proved easy to learn and
convenient for teamwork. For a medical diagnostic system,
each significant knowledge extension (more than 20 such
acts were performed in total) required from 5 h to 2 working
days for an expert, 5 - 8 h for quality control, 20 min for
an architect, and without a programmer, which would be
unattainable in another production environment. After
each update, the product characteristics analysis showed
that the results were consistent with the case samples
received from real practice.

Further research should focus on integrating the
developed tools with textual facts, knowledge parsers, and
third-party diagnostic and predictive tools. A detailed
study is required to demonstrate whether the components
working with structured information, verbal text, images,
and digital arrays can be combined into a single complex.
This approach would save valuable time for users in critical
areas of activity.

Work is currently underway to expand the capabilities
of the approach further. Today, the bottleneck for us is an
adaptable user interface. The technology allows you to
generate three user interfaces based on the explanation
ontology, but these features are insufficient. We are currently
working on creating tools for automatically generating an
interface based on the user model, considering the usability
requirements.

The main contributions of the study are: (i) the
automation of multiple physician tasks by filling a single
structured “medical history” (integrated with full electronic
medical record), (ii) the integration of formalized
knowledge from clinical guidelines and other reliable
sources to satisfy both the relevance of the methods used

and the personalization to the patient, (iii) the transparency
of all applicable knowledge, (iv) the explainability of advice
based on the essence of the knowledge and with a link
to the source, and (v) the integrability of ExCIDSS with
neural network services, capable of inputting data from
a structured document, such as the medical history. Our
participation in piloting the (Ex)CIDSS in some medical
clinical institutions aligns with the rhetoric of conferences
emphasizing the importance of Al for healthcare.

Some of the limitations of the study include the lack of
pre-existing converters of formalized knowledge (e.g., in
the Protégé paradigm) into our development and support
environment (this would provide an opportunity for both
the integration of high-quality knowledge and the quality
control of the accumulated archives of precedents), a high
“entry threshold” to the IACPaa$S platform for Python-
savvy programmers, and insufficient attention to colorful
visualization tools and flexibility of data input.

Today, we are helping to bridge the gap between Al
innovation and real-world applications. The experience of
moving to trial operations in 2024 has shown that doctors
welcome such important general characteristics of these
systems. These include the ability to explain hypotheses
(results), a mechanism for adding specific knowledge (e.g.,
new in the clinical information guidelines), and specific
properties of specific software systems (for risk assessment,
diagnosis, and prognosis). Doctors particularly appreciate
systems that facilitate a dialogue to increase the results
accuracy. For treatment-related software systems, the
ability to apply knowledge from modern, regularly
updated clinical research is also crucial. Developers of
ExCIDSS, using our technology, emphasize the importance
of features such as procedures for regular evaluation of the
knowledge base by subsets of precedents (from archived
sets and cases from the practice of specialists), as well as
reading and directly evaluating the knowledge contained
in a specific system.

As technology developers, we consider it important to
have a procedure to verify the accuracy or correctness of
hypotheses based on any subsets of precedents provided
by clients or potential users. Therefore, we believe there is
potential for this ontological technology to bridge the gap
between Al innovations and their real-world applications.
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