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1. Introduction

After the first great successes in the development of various approaches and
aspects of artificial intelligence (Al) in the 1960s and 1970s, there was a silent pe-
riod characterized by slow development of this field that lasted for several decades.
However, in the last two decades, and especially in the last few years, artificial
intelligence has experienced an incredible boom and rapid development of both the-
oretical aspects and practical applications. Today, it is one of the leading areas of
research and a driving force of progress, primarily in science, industry, but also in
business. Furthermore, the development of techniques, approaches, and services
based on artificial intelligence finds its place and plays a significant role in almost
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all disciplines and areas of human work, creativity, and life. The field of Al encom-
passes a wide range of subfields. Some subfields gain more importance and use in
some periods, while others lose attractiveness for a period of time, but very often
return in a new and modified form and are applied in solving some existing and
newly emerging problems.

One among the most significant applications of artificial intelligence techniques
and approaches is in various fields of medicine and healthcare.

Applications are possible in almost all medical and healthcare domains, includ-
ing assistance in diagnosing and monitoring the treatment of patients diseases; anal-
ysis of medical images as well as monitoring and analyzing dynamic processes in
the body; discovery, design and testing of new drugs; personalized medicine [13];
monitoring patients and adjusting their therapy; recommendations and maintenance
and/or increase of the quality of life of patients as well as a number of other activi-
ties. Al techniques and approaches are a unique mechanism for identifying patterns
and detecting characteristic phenomena in medical and clinical data.

Medical and clinical data include information related to the health of patients
and, in addition to basic data on the health of patients, content and data collected
during patient care and additional medical examinations and research. Clinical data'
are a subset of medical data, specifically referring to information collected during
clinical trials or patient care, such as electronic health records, administrative data,
and health surveys.

Artificial intelligence techniques also provide insight into data quality and in-
crease their reliability for better patients diagnosis and treatment. The starting point
of the application of Al approaches in medicine and health domains is the availabil-
ity of patient data. Patient data are often complex. Generally, patients data record
consists of data represented in different formats: alphanumeric, dates, categorical
values, text records, time series (i.e. values of certain data measured at different
points in time), multimedia objects such as images, sound, etc. Unfortunately, very
often there is no uniform and standardized form and data model even for patients
suffering from the same or similar diseases, especially if their data are located in
different health and medical institutions. Inconsistent and incompatible data are
not easy and simple to integrate into a centralized repository in order to be further
used and processed efficiently. An additional problem arises when it is necessary to
aggregate patient data from various heterogeneous sources represented in different
formats and structures.

Contemporary, intelligent medical systems usually function in a distributed mode,
i.e. data from multiple medical and healthcare institutions are integrated and used.
Therefore, it is necessary to present data in a standardized form in order to enable
communication and interoperability between multiple institutions and information

"https://guides.lib.uw.edu/hsl/data/findclin
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systems. Data are of essential importance in medical and healthcare information
systems (MIS), especially when various Al techniques and methods are applied
to achieve the most reliable results. Al approaches support doctors’ decisions and
recommendations to patients to increase quality of their conditions and further treat-
ment.

This paper contains results of lecture presented at the Department of Mathemat-
ics, Physics and Geosciences, SASA. Essential aspects of collecting, processing and
building datasets from patients electronic health records and the application of arti-
ficial intelligence techniques to produce reliable predictive models are considered.
Special emphasis is put on distributed processing of medical datasets available at
several institutions in federated learning (FL) manner. Some of the results are orig-
inal scientific research contributions from the author and her collaborators from
the Department of Mathematics and Informatics, Faculty of Sciences, University of
Novi Sad.

The paper is structured as follows. The next section is dedicated to the quality
of medical data and the standard representation of data models. Section 3 is focused
on current research and applications of artificial intelligence techniques in medical
domains and usual procedures for producing predictive models. Section 4 presents
the original results of the author and her collaborators, which were achieved within
the framework of a project funded by the European Commission: ASCAPE - Arti-
ficial intelligence Supporting Cancer Patients across Europe, Grant Agreement No
8753512. Finally, the conclusion briefly presents some of the possibilities of apply-
ing some Al techniques in improving the functionality of future smart, intelligent
and personalized systems.

The text is prepared based on the author’s and her team’s research papers pub-
lished in journals, as well as elements from invited lectures delivered at several
conferences, published in their proceedings ([8], [9], [10], [11], [12]).

2. Medical data quality and their aggregation

Clinical data® used in healthcare and medical practice, as well as in scientific
research, are essential and vital resources that influence the quality of medical de-
cisions. The term clinical data refers to structured and unstructured information
related to electronic patient health records, disease codes, symptoms and other clini-
cal details that are used for analytical studies in clinical decision-making. Electronic
health records (EHRs) or electronic medical records (EMRs) ensure that patient data
are stored in a secure location. The data stored in the EHRs include basic patient
data, all vital parameters, laboratory test results, assessments and notes made by

https://www.ascape-project.eu/
*https://guides.lib.uw.edu/hsl/data/findclin
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healthcare professionals on the patient’s condition, diagnoses according to the ICD
(International Classification of Diseases), as well as a range of other data.

However, due to time constraints in healthcare institutions in real-world settings,
these data are rarely enriched with data from other sources, and their quality and
usefulness are often questionable [21].

However, for better quality and use of patient data in modern research and im-
plementation of smart and intelligent medical and healthcare systems and services,
EMK additionally includes external sources of information such as the results of
questionnaires filled out by patients, dietary habits, monitoring of daily physical
activities, weather conditions and other data that help to have a better view on the
patient’s health status. These procedures are a necessary prerequisite for obtaining
richer datasets and, accordingly, more reliable results of their processing [1].

In order to process and use such data for multiple purposes, it is necessary to
organize and present them in a standard format, which are supported by standard
terminologies and ontologies such as Classification of Diseases, ICD-9, ICD-10,
IDC-11, LOINC, CPT, etc. [10]. In modern practice and research, SNOMED CT
— Systematized Nomenclature of Medical Clinical Terms — is most often used. It
represents a systematized healthcare terminology as well as a medical standard for
presentation of clinical findings, symptoms, diagnosis, body structures and organs,
and a number of other concepts and processes in medicine. SNOMED CT* is cur-
rently widely used in numerous countries in medical and healthcare information
systems. Its use also contributes to a high degree of interoperability between differ-
ent data sources, information systems and software-supported services in medical
and healthcare institutions.

Data presented in this way can be more easily transformed into other formats
that are more suitable for various types of processing and the application of various
techniques, including artificial intelligence methods.

As a next step towards better organization and representation of complex med-
ical data, it is important to produce their quality models, and in contemporary re-
search and applications, among the frequently used systems for this purpose is HL.7
FHIR Health Level 7, Fast Healthcare Interoperability Resources®. This highly
functional system possesses mechanisms for representing the content of FHIR re-
sources in various formats (XML, JSON, Turtle, .xls...) that are more suitable for
use in other development environments. One of the common ways to produce a
standard medical data model and its role in the process of applying AI/ML tech-
niques is shown in Figure 1 (a more detailed description of this topic and project
results is presented in Section 4).

The first step in producing the final data model in accordance with the HL7

*hnttps://www.snomed.org/
Shttps://www.healthit.gov/topic/standards-technology/standards/
fhir
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Figure 1: A typical organization of medical data and its standardized representation
(https://www.ascape-project.eu/, internal documentation)

FHIR standard was to define the initial ASCAPE data model based on datasets of
already available (retrospective) patients EHR in 4 healthcare institutions (left side
of the figure). The data about patients collected through the project duration have
been included in data model. Apart from parameters existing in retrospective data
the data about new patients have been merged with additional data collected from
other sources such as wearable devices, environmental parameters, dietary habits,
etc. Consequently, the final, expanded, HL7 FHIR ASCAPE data model was pro-
duced (prospective data, right side of the figure).

Generally speaking, to achieve better and higher quality predictive models that
better support medical decisions, a great number of parameters for patients health
are needed. Additionally, richer datasets that include high number of patients are
required. Furthermore, it is very important to understand the advantages of data
aggregation compared to individual patient data.

Individual patient data are created by the patient’s interaction with doctors and
the healthcare system and helps doctors make more effective decisions about the
treatment of that particular patient. On the other hand, data aggregation represents
the merging of information/data from of patients suffering from similar or the same
diseases from multiple systems/sources in order to achieve better quality datasets.
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Better quality and higher size of datasets is a prerequisite for training more reliable
predictive models using artificial intelligence approaches.

Data of many similar cases, i.e. patients suffering from the same or similar dis-
eases (anonymized aggregated data), give doctors opportunity to have a look at data
collected from a larger number of patients. They can consider data from different
angles and perspectives that help them to make better and more appropriate deci-
sions for individual patients. Aggregated data management in medical and health
institutions also offers better insight that contributes to improvement of strategic
planning and the creation of more reliable healthcare systems and services.

When initial/raw set of data containing records form a large number of patients
is available, it is necessary to check different aspects, characteristics, and consis-
tency of the data. If it is necessary, and usually it is, several characteristic activi-
ties/steps should be applied to improve their quality:

- Data cleaning — i.e., omitting irrelevant, redundant and inadequately mea-
sured data values, their transformation (for example categorical values, i.e.,
transforming date into a numerical value, also some other kinds of appropriate
changes).

- Identifying influential features/properties and constructing potentially new
ones that are more influential. New features are based on existing, and it
is necessary to assess their power of prediction.

- Imputation of missing data in the patients EHR, as certain number of data val-
ues are often missing. It can lead to lower quality Al predictive models. Miss-
ing values are very often added/imputed with some estimated values based on
existing ones during the standard workflow for training predictive models.
Value estimation is performed using various techniques and approaches: the
mean values of existing data for that particular feature or the most frequent
values among existing or some constant values, values of existing data val-
ues estimated using for example k-NN (k nearest neighbors) approach, deep
learning approach [16], etc.

Privacy protection is a crucial issue in the processing of sensitive medical data
that should be taken into account [20]. Crucial demand in such situations is to make
it impossible to discover the personal data of patients at any stage of data process-
ing and further use of the achieved results. For this purpose, a number of tech-
niques and approaches are used, starting from simple ones such as: character/record
masking, anonymization, collective de-identification, pseudonymization, general-
ization, and etc. However, in the past two decades, many complex approaches such
as K-anonymity, L-diversity, and T-Closeness have been developed, improved, and
frequently used for processing data in wide range of domains.

Moreover, recently, two techniques have also been widely used and dominant in
application of ML and data mining techniques of sensitive datasets: Differential Pri-



Machine and federated learning as a support to medical decisions 33

vacy (DP) and Homomorphic Encryption (HE). They play a key role in Cloud/Edge
distributed medical systems for processing complex patient data [3], [11].

DP represents a minimal systematic random modification of data in order to
reduce the available information about a single patient while preserving the quality
of trained predictive models [23].

DP covers a set of different techniques starting from simple random mixing of
input data to introducing noise over the data using, most often, Gaussian or Laplace
distributions, or exponential mathematical mechanisms. Local DP ensures the pri-
vacy of the original data and helps to improve the results of processing complex and
aggregated data.

HE is a technique that allows the application of arithmetic operations on en-
crypted texts without the need to decrypt the original data, while preserving the
security and safety of the data. This technique is unavoidable in contemporary
Cloud/Edge and distributed data processing, especially for use in FL federated
learning settings. HE approaches perform calculations on encrypted data without
decrypting them and the results obtained are identical to the results that would be
obtained by processing unencrypted data.

3. Training and using predictive models based on machine learning and
federated learning

After cleaning and preparation of purified patients datasets, if we want to use
them for various processing and obtaining useful and influential new data and knowl-
edge, application of wide range of Al techniques and approaches should be per-
formed. This process ensures training and obtaining high-quality predictive models.
Trained predictive models in medical domains provide support to medical experts in
predicting the course of the disease, especially in order to avoid health risks such as
adverse drug reactions, genetically determined resistance to treatment, inadequate
recommendations and treatments, quality of life issues etc. The usual way to pro-
duce well trained predictive models includes 3 characteristic processes/phases:

a) application of various Al techniques on available datasets in order to discover
and observe appropriate characteristic patterns of behavior in the data and to
achieve new knowledge;

b) the results and conclusions produced by different predictive models are com-
pared and validated to conclude which models provide the best results and
offer adequate insight into the patient’s condition for recommendation of the
most appropriate further treatment procedures;

c) the last stage is application of already trained, developed and validated pre-
dictive models in real-world settings, on new datasets of new patients, or on
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expanded data of existing patients.

Al and ML offer a whole range of algorithms and procedures used to train pre-
dictive models. In this paper, we briefly present 2 groups of frequently used ap-
proaches, which are also selected for implementation of the architecture within the
ASCAPE project, and which will be presented in more detail in Section 4.

a) Classification models are a type of ML model that divides data points into
predefined groups called classes. Classifiers are a type of predictive modeling
that learns class characteristics from input data and learns to assign possible
classes to new data according to those learned characteristics [2]. Widely
used approaches for this purpose are — NB (Naive Bayes) algorithm, KNN (K-
nearest neighbors), DT (decision trees), CART (Classification and regression
trees), CART clustering, C5.0, RF (random forests), LR (logistic regression),
ANN (artificial neural network), SVM and LDA (linear discriminant analysis)
and so on.

b) Regression models there are different definitions of regression, one of which
is “Regression is a supervised learning technique that models the relation-
ship between input features and a continuous target variable, using statistical
methods to predict the target variable based on new input data. Regression
models shift through large numbers of variables, identifying those with the
greatest impact outcomes. Regression is foundational to ML, especially for
predictive use cases.”® These models are useful in predicting of a wide range
of values such as: numerical values, specific types of values connected to the
domain of application, different types of interventions, continuous values, etc.
Typical approaches used for these purposes are: LINEAR (linear regression),
RIDGE (ridge regression), LASSO (lasso regression), ELASTICN (elastic
network regression), KRIDGE (kernel ridge regression), SVM, RF (random
forests), KNN (K-nearest neighbors), ADAB (AdaBoost regression), TFNN
(TensorFlow neural network) and so on.

3.1. Training predictive models in federated learning mode

Federated Learning is a rather new, modern and widely used learning technique
based on the principles of Al and ML. The FL process involves two key compo-
nents: Client and Edge node (EN). In such environments there can be any number
of devices (ENs) varying from several to several hundred thousand. The second
component is the Server or Cloud, i.e. one central node/coordinator. The Server
coordinates the training process between all ENs that participate in the construction
of the global predictive model.

*https://www.snowflake.com/guides/types-regression-models-ml/
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In specific architectures and systems, the number of clients is known in advance.
In each client sensitive data for training the model are stored. Each client receives a
copy of the global training model and updates and changes it using available local
data relating to the particular client. The coordinator server produces a common
global model based on the local models, while the local data on which the local
models are trained remains on the original client and is isolated from other clients.
More precisely, the locally updated weights of the local models are sent back to
the coordinator server, where a new updated global model is produced. To produce
a new global model, different strategies of aggregation of the weights of the local
models are used (Figure 2). When one cycle of model training is completed, all
clients in the next iteration again participate in training the new global model that is
forwarded to them.
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Figure 2: General approach to training a global model in the federated learning
mode [18]

If the client datasets contain sensitive patient data, they remain decentralized,
and FL keeps the data in health institutions locally and transmits only the updated
local model to the coordinator to improve next version of global model. More pre-
cisely, clients train their own copy of the global model (which is at that moment
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seen as local model) on local data.

When the training is complete, i.e. when the model has achieved satisfactory
results, the updated weights of that new local model are sent back to the coordinator
to contribute to the creation of a new or update the existing shared global model [6],
[11].

This approach is also incorporated into the ASCAPE architecture, which will be
presented in more detail in Section 4.

There are several characteristic approaches to building global models in FL set-
tings: incremental, cyclic incremental, competitive, and semi-competitive. As the
ASCAPE project applied an incremental and semi-concurrent [5] approach (Figure
3), their basic characteristics are briefly presented below.

T P\
2.

Figure 3: Incremental (a) and semi-concurrent (b) modes of federated learning

In the incremental mode, updates are performed incrementally, starting from
client 1 to client n. The model is initialized by client 1 and trained over multiple
epochs on the local dataset available at client 1, after which the model is forwarded
to the coordinator. In addition, this local model is also forwarded to client 2, which
accepts it and further updates it using the local data located at client 2. The entire
process is propagated further to the remaining clients and ends when all local models
are sent to the coordinator, which aggregates them and produces a new updated
global FL. model (Figure 3 (a)).

In the semi-concurrent mode, a kind of strategy is applied that supports free
switching between incremental and concurrent FL (in the concurrent mode, all
clients simultaneously send their local models to the coordinator for aggregation
and production of the next new and probably improved global model). Training can
be initiated by a single (any) client, after which an arbitrary number of other clients
can join during the training process and participate in construction of the new global
model (Figure 3 (b)).

Deep learning models are commonly used in FL because they naturally fit into
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this type of environment, as weight updates using stochastic gradient descent (SGD)
can be easily parallelized. Deep learning is a very popular ML approach, and it is
most often based on neural networks with multiple hidden layers. Deep learning
sets basic parameters on the data and trains the network to recognize characteristic
patterns of behavior in the data, learning on its own using many hidden processing
layers.

3.2 Interoperability of Trained Models — Explainable Artificial Intelligence

Explainable Artificial Intelligence (XAI) is a set of processes and methods that
enable non-Al users to understand and trust the results and outputs produced by ML
algorithms and predictive models. XAl methods are used to describe the model, its
expected impact, and potential biases. They help experts in other domains to assess
the accuracy of the model and the transparency of the outcomes in making decisions
based on ML models. In addition, such approaches can provide insight into how the
algorithm achieves its results.

4. ASCAPE - An example of a use of the considered artificial intelligence
techniques

In this section we will briefly present the results of the application of ML and FL
techniques in creating predictive models, which were implemented by the author of
this paper and her collaborators within a large and significant European project. In
addition, some examples of the use of XAl as added value to the results of predictive
models will be considered.

4.1. Medical Datasets, their Processing and Training of Predictive Models

Within the ASCAPE project 7 — Artificial Intelligence in Support of Cancer Pa-
tients in the European Region, an innovative and unique open architecture based on
AI/ML/FL methods for personalized treatment of breast and prostate cancer patients
has been developed. This architecture encompasses all activities related to data
management, training and evaluation of AI/ML/FL predictive models, visualization
and explainability of the obtained results/outcomes of predictive models (Figure 4).
The ASCAPE architecture is organized according to the requirements for the im-
plementation of modern distributed complex systems. It is based on Cloud/Edge
principles that support the application of AI/ML/FL techniques and consists of 4
local nodes/healthcare institutions (Edge nodes). Local models are trained in the

"https://www.ascape-project.eu/
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local nodes and the flow of activities that are iteratively repeated in each of them is
shown in Figure 4(a).

The centralized coordinator (Cloud) is responsible for training global models
(Figure 4(b)) based on the unification and synchronization of the produced local
models.

At the very beginning of the project implementation, we were faced with large
differences between the available datasets in individual institutions because they
contained different features/properties, i.e. predictive and target variables that were
necessary for training and later use of the model. As a logical solution to the prob-
lem, widespread and accepted standards for representing medical data were used.
In this way, the integration of data from different sources was achieved, as well as
the further process of their use and processing. The above-mentioned SNOMED
CT and HL7 FHIR standards were selected for creating the data model (Figure 1).
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Figure 4: Iterative process of continuous data collection and model training on ex-
tended datasets (a) and global Cloud/Edge structure (figures are part of the project’s
internal material, [7])

The open architecture developed within the ASCAPE project (Figure 5) consists
of three subsystems/components with the following functionalities: 1) Data man-
agement subsystem; 2) Intelligent data processing subsystem; 3) Intelligent/smart
interface for displaying produced results and relations between patient data and re-
sults achieved from intelligent data processing subsystems using XAl. Each of these
subsystems consists of a number of individual components that support specific
functionalities. More details about the architecture and individual components can
be found in [10], [11].

ASCAPE architecture is organized according to the requirements for the imple-
mentation of modern distributed complex systems. It is based on Cloud/Edge prin-
ciples that support the application of AI/ML/FL techniques while preserving privacy
(differential privacy and homomorphic encryption of data from Edge nodes). AS-
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Figure 5: Complex and complete ASCAPE architecture [7]

CAPE Cloud coordinates the training of a global federated model based on deep
learning and participation of individual local models from Edge nodes.

For training predictive models, basically two separate datasets were prepared,
for patients with breast cancer and patients with prostate cancer. The dataset of
patients with breast cancer contained 57 parameters/features (predictive variables)
that represent the patient’s condition, 15 features of the patients’ quality of life and
21 interventions that the predictive model can suggest for the continuation of the
patient’s treatment (which represent target variables). Similarly, the prostate cancer
dataset contained 63 features representing the patient’s condition, 12 patient quality
of life features, and 23 possible interventions.

The following procedures and approaches were implemented within the AS-
CAPE architecture. In the analysis of regression/classification predictive models for
patients quality of life features, 5 classification algorithms were trained (of which
NB showed the best results), 8 regression algorithms (of which Lasso showed the
best results). To achieve the best quality of predictive models we reorganized data
from two existing datasets into new datasets. From two large datasets of patients
with breast cancer and patients with prostate cancer, 10 different new datasets were
constructed. For training the FL simulator, neural networks were used for a larger
number of Edge nodes, although in this case there were only 4 health institutions.
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Additional testing, on more nodes (8, 16 and 32) was performed in order to achieve
greater flexibility in the work of the architecture and greater reliability of work in the
case of joining new institutions to the existing architecture. Testing was performed
using two approaches: incremental and semi-concurrent federated learning.

Given that the datasets contained a significant number of patient records with
missing values, it was necessary to test and apply various techniques for missing
values imputation. Two approaches were selected: simple imputation and itera-
tive imputation. Regardless of which imputation approach was used, the results
achieved and provided by the predictive models showed no significant difference in
performance.

An analysis of the data features was also performed in order to determine the
most influential among them. Experiments with various combinations and selec-
tions of features additionally helped in discovering the most influential features that
contribute to higher quality and reliability of models.

To preserve data privacy, the differential privacy method for adding noise to the
data was used based on the Laplace distribution. The effect of adding noise for dif-
ferent values of the e parameter was adjusted and its optimal value was determined.
For the process of adding Laplace noise to determine the most favorable value, the
MAE metric (mean absolute error) was used, and the obtained values were observed
and analyzed for the applied regression algorithms. MAE thus helped in determin-
ing the best value of the e parameter while preserving a high degree of data privacy.

Regarding the preservation of patient data privacy in a distributed mode, several
open-source libraries for Homomorphic Encryption were tested - (PiSift, PIFHEL,
TenSEAL, nuFHE, PHE).

Federated learning within the ASCAPE project was based on ML approaches
that preserve a high degree of privacy and data security:

Federated Deep Learning — produce and constantly improves global models
existing in the ASCAPE Cloud. These models are built on knowledge derived from
trained local models at all Edge nodes without transferring local data to the Cloud.

Homomorphic Deep Learning — trains models that exist in the Cloud using
homomorphically encrypted data transfer from Edge nodes. When such models are
used to infer knowledge from homomorphically encrypted input data, they produce
homomorphically encrypted results that can be homomorphically decrypted at the
Edge nodes and further used in patient treatment procedures. The advantage of
this approach is that the ASCAPE Cloud can be used to train and subsequently use
models in real-world environments without access to unencrypted data.
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4.2 Role of XAl for better explanation of predictive models outputs

XAl techniques were used in the project (developed by colleagues from Deutsch-
es Forschungszentrum for Knstliche Intelligenz GmbH, DFKI, Bremen) for bet-
ter interpretation of the predictive models results. For these purposes, the SHAP 3
framework was used because it was identified as the best option.

The formed surrogate models showed excellent approximation of the selected
target models. To propose the best treatments for specific patients, a simulation
method was adopted. The negative/positive effects of the predictor variables on the
possible risk values for each quality of life issue were observed. Personalized effects
of the interventions suggested by the predictive models for a specific patient were
calculated and analyzed.

An example of the expected change in the risk of pain based on the probability
determination using the NB — Bayesian classifier is shown in Figure 6. The rec-
ommended treatment for a specific patient is “Adjuvant chemotherapy with CMF”
because it is expected to have the greatest impact on reducing the risk of pain and
represent the best obtained result.

Sssechon performed {

‘e
Surgical procedure in axiis 9 | I
Surgical procedare in axis 3 1 O
Suspical procedure in s 2 | —
Suspical procedure in axe 1 {
At chemerrersey wen o | (I
Adpovant Chemethersgy wih other agerss | I N S
Apovant Chemotmer agry with taxanes |
Adpavant Chemctherapy wih arehescychnes |
Adpavant chemotheray (type not specied) |
TYeatmert wth trastursmad |
Toatoperative endocrne ther sy ath arorratase mhAbLors | [ |
Postoperative endocrne theragy arth Tamarfes | in
Precperative endocrne ther sy | |

Preogerative chemaotteragy | il

Figure 6: Expected changes in pain risk for a specific patient [22]

Another example is a spider chart (Figure 7) that shows two sets of values. First
set of values represent the current values for a patient for certain issues of quality of
life. Another set represents their corresponding predicted values for the patient for
the next short-term period that ASCAPE considers relevant (3 months). The figure
provides personalized visualizations on the ASCAPE dashboard that is displayed to

Shttps://shap.readthedocs.io/en/latest/example_notebooks/
overviews/An%20introduction%20to%20explainable%$20AI%20with%
20Shapley%20values.html


https://shap.readthedocs.io/en/latest/example_notebooks/overviews/An%20introduction%20to%20explainable%20AI%20with%20Shapley%20values.html

42 M. Ivanovié

the physician for a patient with breast cancer. Current values are shown in blue and
predicted values in green.

QoL Issues Shortcuts
No interventions

New Interventions
[ Anti-stress techniques: Mindfulness, Yoga
@ current Predicted [J Movement-based relaxation techniques
[ Physical activity guidance
[ Promotion of positive relationship
ey [J Emotional support
Impaired cognition 99 Abnormal sexual function O Psychiatric therapeutic procedure
[ Anxiolytic drug therapy
[J Antidepressant therapy

9 9 [J Dietary regime
Vaginal dryness Neurotoxicity

[J Counseling about nutrition
[ Intervention for sleep disturbance
[J Anticonvulsant therapy

. [J Acupuncture
Fatigue Lymphedema

[ Switch to another aromatase inhibitor

[J Switch from aromatase inhibitor to tamoxifen

[J Analgesic technique

Hot flushes Feeling lonely

100

[J Couple counseling

Insomnia [ Other therapy

Figure 7: Graph representing quality of life parameters for a breast cancer patient

5. Conclusion

The possibilities of applying Al techniques in medical domains are enormous
and achievements of higher quality predictive models and various intelligent ser-
vices are incredible in providing more reliable results. ASCAPE architecture was
implemented as a complex and comprehensive prototype. Numerous experiments
are conducted and obtain very encouraging results using AI/ML/FL/XAI techniques.
Positive ASCAPE results and achievements will contribute to further medical re-
search and practice in very prominent directions [15]: powerful health analytics
and predictive modeling, data visualization techniques supported by advanced XAl
approaches for communication between different users (patients, doctors, medical
actors) [4], personalized therapies, recommendations and interventions.

Recent concepts in ICT such as avatars, metaverse [15], holographic construc-
tions [14], [15], generative Al have great potential and can significantly influence
the future development of holistic, sophisticated, intelligent medical systems [17],
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[19]. Therefore, further development of systems such as ASCAPE could go in the
direction of extending existing architectures with these new approaches, especially
in enriching the smart user interface and dashboard.
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