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Abstract

The integration of Adaptive Business Intelligence systems in healthcare has garnered significant attention due to their potential to
manage the ever-growing volume of healthcare data and enhance the quality of care provided to society. ABI systems also play a
crucial role in supporting hospital administrators in making strategic decisions. To facilitate the transparency and interoperability
of these solutions, the scientific community has embarked on various studies to develop technologic architectures capable of
meeting the complex requirements of healthcare settings.

One of the key challenges in adopting this technology is the creation and integration of prediction and optimization models in an
automated and semi-autonomous manner. This article presents a novel and robust microservices architecture designed to
streamline the deployment of intelligent models and seamlessly integrate them within the ABI system.

This paper begins by introducing the problem of deploying and integrating intelligent models into ABI systems, providing
essential context on ABI systems within the healthcare domain. Subsequently, it details the proposed architecture, outlining its
technical approaches and highlighting the advantages it brings to the healthcare ecosystem. Finally, the paper concludes by
summarizing the contributions and future directions for research in this critical area, emphasizing the potential impact of this
architecture on improving healthcare intelligence systems.
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1. Introduction

The integration of Adaptive Business Intelligence (ABI) systems in Healthcare is a topic that has been widely
discussed, not only because of their ability to support the data that is generated on a daily basis but also because of the
expectation of inserting the evolution of an intelligent system into the improvement of the care provided to society,
while supporting hospital administrators in managing the strategic decisions inherent in the running of a Healthcare
organisation [1,2].

To shorten the path to transparency and interoperability of these solutions, the scientific community is conducting
various studies to ensure technologic architectures that are sufficiently capable of meeting the requirements [3,4], with
generalised implementations for certain medical specialties and hospital entities, looking for ways to ensure the high
precision of Al-based systems [5]. Generalisation is based on the fact that different implementations require
similarities in a set of restrictive and/or temporal clinical rules [6]. One of the critical aspects of adopting this
technology is the creation and integration of prediction and optimisation models automatically and semi-
autonomously, i.e., how models from different tools can be integrated into an ABI system.

In this article, we propose a robust microservices architecture. This architecture aims to streamline the deployment
of intelligent models while seamlessly integrating them within the ABI system. By leveraging microservices, we aspire
to enhance the efficiency, scalability, and adaptability of these models, thereby contributing to the realization of a
harmonious and proficient Healthcare ecosystem.

The structure of this document begins with a brief introduction to the problem involving deploying and integrating
intelligent models in ABI systems. Next, an explanation of ABI systems and a contextualization of them in Healthcare.
The third section contains the proposed architecture as well as its technical approaches and advantages. Finally, the
conclusion and future work represent the last part of the paper that aims to conclude based on what has been developed
in the paper and the next steps.

2. Adaptive Business Intelligence

Adaptive Business Intelligence (ABI) is an area that combines forecasting and optimisation techniques to build
automatic learning systems for decision-making. The aim of ABI is to provide organisations with the ability to make
decisions by converting raw data into knowledge and considering the changing environment. ABI systems are
designed to solve two fundamental questions [7,8]:

o What is likely to happen in the future?
o What is the best decision right now?

To create an ABI system, the following processes are essential (figure 1): prepare and analyse the raw data, develop
a prediction model based on the data analysis, develop an optimisation model to recommend the best solution, and
develop an adaptability component so that the models can be adjusted in the face of changes in the environment [7].



Rui Gomes et al. / Procedia Computer Science 231 (2024) 445451 447

Adaptability
N K o
F g Optimization E
g w Cc
Data M Data L |
Preparation A L Mining E E= == s
1 D 5
o e Prediction N
N E

Fig. 1. Adaptive Business Intelligence processes [7]

2.1. ABI in Healthcare

In the context of the Healthcare, in many cases, especially in Intensive Care Units (ICUs), decision-making needs
to be a quick and effective process because choosing the wrong decision or delaying a decision are factors that can
determine the patient's current state, in some cases determining their life or death.

Intensive Care Medicine (ICM) is a complex field that requires exceptional expertise in several areas, including
pathophysiology, therapeutics, and technology. The aim of ICM is to support and restore the vital functions of
critically ill patients to save their lives. There are critical moments when first responders need to administer
medication, and it is in these moments that decision-making is extremely important [9—11].

Diabetes, for example, has been a growing concern in recent years, with a significant increase in the number of
diagnoses and related deaths. This is largely attributed to our dependence on sugar consumption. The existence of
problems of this kind, i.e., diseases that can be determined in advance, leads to the need to develop, and utilise systems
that can predict these diseases [12].

Efficient resource planning in hospitals has become a major responsibility for the management of various clinical
units. This is especially true in ICUs, where patients require constant observation and monitoring. The high costs
incurred by hospitalised patients and the optimisation of these resources are crucial. Another example is the problem
of overcrowding in hospitals, making hospital beds one of the most sought-after resources. Predicting the occupancy
rate of these beds is therefore an extremely important aspect of hospitalisation planning and management [13,14].

The management of hospital waiting lists is another crucial aspect that has a direct impact on the quality of
healthcare services provided to patients. By effectively managing human, material and financial resources, hospitals
can ensure that patients receive the best possible service [15].

In the recent years, research has focused on each of these topics. By analysing the recent articles, we verify that
most of the research develop predictive models [10—14,16] and some optimization models [9,15] but none carried out
the deployment and integration of the model in the ABI system. In this way, we note that the deployment and
integration of the intelligent models is not usually investigated, and there is an opportunity to deepen our knowledge
of it.

3. Architecture Proposal

To harmonize the automatic or semi-automatic integration of intelligent models in an ABI system, we propose a
microservices-based architecture.



448 Rui Gomes et al. / Procedia Computer Science 231 (2024) 445451

i ﬁ—\
N tore model script -
Database | ‘ Storage

v N

User

Validare model informartion Access model scripts

i Model Runner Model result Docker Engine
i 3 -

' Run Model 7
- Queue

Darabase

_ e

T A
— Other Engines

Fig. 2. Microservice architecture proposal for deploying and integration of intelligent models in ABI systems

The choice of a microservices architecture is due to its adaptability to the different technologies, i.e., each
microservice is built independently in the most appropriate technology for its function. Since intelligent models can
be built in different programming languages and tools, microservices can be specialized in certain technologies to run
certain models.

The proposed architecture (figure 2) has three core microservices:

e Access Control: This service manages all users of the system. It can create, update, and delete users, as well as
map which microservices they have access to. Its main objective is to authenticate the user in the system by
generating tokens that are then requested when another microservice in the architecture is used.

e Model Management: This service manages all models in the system. It is through this service that the
authenticated user knows which models belong to them. The user can add models, as well as update and delete the
models they have added. When adding a model, the user must specify its metadata, i.e., all the features it uses, the
technology it was built with, the libraries used, and upload the model files. Finally, the user must select the engine
in which the model should be run.

e Model Runner: This service is responsible for mapping models to be run in the corresponding engine and for
storing all information about model runs, i.e., when a model was requested to run, the values of the features, when
the model finished running, and the result that was returned.

The architecture also includes a microservice for running most models:

¢ Docker Engine: This microservice is one of the engines suggested by the architecture for running models. Docker
has an API that can be used to automate various processes. In the case of running models, the metadata provided
by the user can be used to create a Dockerfile, build it, and create a container in detach mode automatically without
interrupting the processes of the other microservices. Since the Dockerfile build process can take some time, a
message queue is used to inform the user that the model has been started and to notify him when it has finished
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running. This approach can support most models, but it can take some time to get the final result of the model as it
works with a message queue.

However, this microservice may not be able to handle models from some technologies or may present some
limitations in more complex models. In these situations, the architecture can be scaled by creating a new microservice
to run other models. These microservices are called engines and the user must specify the engine they want their model
to run on. This information is stored in Model Management and then mapped by Model Runner when the user starts
a request to run the model.

3.1. Authentication and data management

Authentication in the architecture is decentralized. It is based on tokens that are orchestrated through all the
microservices. The core of this mechanism is found in the Access Control microservice, which is responsible for
validating the user and generating the tokens.

The authentication flow is as follows: The user sends a request to the Access Control service to validate their
credentials and request a token; The Access Control service validates the user's credentials and return a token; The
user then uses the token to access the other microservices.

The token contains the user's authentication information, such as their username and id, and the microservices they
have access to. The token is validated using the same algorithm in all the microservices. This means that once a user
has a token, they can use it in all the microservices, even if the Access Control service is unavailable.

The data flowing in the system is managed by each core service by having an independent database. This approach
is essential to the integrity of each microservice, as it prevents changes made to one microservice from affecting the
others. Independent databases not only optimize system speed, but also increases scalability by minimizing
interdependencies.

In the event of a microservice encountering a problem or failure, the operational continuity of other microservices
is generally not affected. This is because each microservice is self-contained and does not rely on the others for its
data. The structural autonomy conferred by independent databases is fundamental to making the architecture robust
and resilient.

3.2. Advantages of microservices

Microservices architecture presents several benefits. It allows diverse technologies in different services. If one
component fails, the entire system remains unaffected, ensuring resilience. Scaling is efficient, targeting only the
necessary services. Deployment is simplified, enabling independent updates. This architecture aligns with
organizational structures, reducing the need for extensive teams working on a single codebase. Furthermore,
microservices allow easy integration of services and smooth updates [17,18].

In the case of our architecture, using microservices can offer the following benefits:

¢ Integration of intelligent models: Each microservice can be implemented using the most appropriate technology
for its function, so we can use microservices to integrate intelligent models from different programming languages
and tools.

e Scalability: Microservices can be scaled independently, so we can scale the architecture up or down as needed to
meet the needs of the organization.

¢ Reliability: Each microservice is self-contained, so if one microservice fails, the others generally will not be
affected. This improves the overall reliability of the architecture.

e Maintainability: Microservices are smaller and more modular, so they are easier to maintain than monolithic
architectures. This can reduce the cost and time of maintenance.
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4. Conclusion and Future Work

The proposed project addressed the pressing challenge of deploying and integrating intelligent models within Adaptive
Business Intelligence (ABI) systems in the healthcare sector. These systems are crucial for managing the vast and
intricate healthcare data landscape while aiding healthcare administrators in making informed strategic decisions. The
need for Al-based solutions has fuelled research in this domain, emphasizing the importance of efficient model
deployment and integration.

The proposed architecture represents a significant step forward in this pursuit. By leveraging microservices, we
have strived to enhance the efficiency, scalability, and adaptability of intelligent models in ABI systems and
consequently, to improve the efficiency and effectiveness of healthcare services. This architecture offers several key
advantages, including modularity, ease of maintenance, and the ability to seamlessly integrate various Al tools and
models. Additionally, it aligns well with the growing trend of containerization and cloud computing, enabling ABI
systems to harness the full potential of modern technology.

Moreover, our architecture provides a flexible framework that can be adapted to specific medical specialties and
diverse hospital entities, fostering generalization while accommodating variations in clinical rules.
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