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Abstract: The fusion of machine learning, biomedical, and bioengineering research offers novel ways
to understand, diagnose, and treat various health conditions. However, the complexities of biomedical
and bioengineering data, coupled with the intricate process of developing and deploying machine
learning solutions, often pose significant challenges to researchers in these fields. We introduce a
new Automatic Semantic Machine Learning Microservice Framework (AIMS) that addresses these
challenges by automating key aspects of the machine learning pipeline, from data preprocessing
to model evaluation. Our proposed framework emphasizes model interpretability, the integration
of domain knowledge, and the efficient handling of biomedical data. Furthermore, it incorporates
self-supervised knowledge learning strategies, enabling the automatic generation, optimization, and
continuous adaptation of machine learning models in response to new tasks and data. We illustrate
the potential of our framework through three case studies in biomedical research, showcasing its
capacity to streamline research processes, improve scientific exploration quality, and provide a
foundation for significant breakthroughs.

Keywords: AI automation; biomedical; machine learning; microservices; knowledge Graph; semantic
web services

1. Introduction

The fusion of machine learning and biomedical and bioengineering research has brought a
paradigm shift in the way we understand, diagnose, and treat an array of health conditions. With rapid
advancements in technology and an influx of high-dimensional data, the role of Machine Learning (ML)
and especailly the AutoML has become central to the process of knowledge discovery in these fields [1].
However, to provide a machine learning solution create a burden to bimedical and bioengineering
researchers who have to search additional support to develop or test different tools for each steps of
their studies. The burgeoning complexity of biomedical and bioengineering research underscores the
need for the automatic generation and optimization of machine learning models that can keep pace
with this data-driven evolution [2].

AutoML frameworks provide a robust solution to this rising demand. They offer end-to-end
pipelines that encompass all necessary steps from data pre-processing to hyperparameter tuning
and model evaluation, automating labor-intensive and error-prone manual tasks [3]. By significantly
reducing the time taken for the model development process, they allow researchers to focus on
interpreting and applying results, thus accelerating the pace of discovery in the biomedical and
bioengineering field.

Despite the undeniable potential of AutoML, several gaps and challenges persist in its
implementation in biomedical and bioengineering research. Firstly, the unique characteristics of
biomedical data, including high dimensionality, heterogeneity, and inherent noise, require specialized
pre-processing and analytical approaches not adequately addressed by current general-purpose
AutoML frameworks. Secondly, these frameworks often lack interpretability, a crucial requirement in
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the medical field, where understanding the decision-making process of a model is as essential as its
predictive accuracy [4]. Finally, integrating domain knowledge into the AutoML process remains an
open challenge, although it could greatly improve the quality of models generated and the applicability
of their predictions [5]. Therefore, to address these challenges requires a new framework Paradise
to enable machine itself to learn domain specific knowledge and use the knowledge to make the
automotive decisions on AutoML process.

This paper introduces an Automatic Semantic Machine Learning Microservice Framework
designed to bridge these gaps. Each microservice is shorted as AIMS that should implemented based
on domain specific knowledge. It is tailored to the specific needs of biomedical and bioengineering
research and places emphasis on enhancing model interpretability, incorporating domain knowledge,
and handling the intricacies of biomedical data. Our proposed framework aims to streamline the
research process, augment the quality of scientific exploration, and provide a foundation for significant
self-learning AutoML in biomedical and bioengineering research. In additional, three case studies are
tested and discussed at the end.

2. Related Work, Limitations and Technology Background

2.1. Related Work and Current Limitations

There is a multitude of AI tools currently available to aid biomedical research and various
automation frameworks have emerged to streamline the process. For instance, machine learning
platforms like Google’s TensorFlow [6] and Scikit-learn [7] have been widely utilized in biomedical
research for tasks such as image analysis, genomics, and drug discovery.

Google’s AutoML [8], TPOT [9] and H2O’s AutoML [10] are some of the popular AutoML
tools used for automating the machine learning pipeline. These platforms optimize the process by
automating tasks like data pre-processing, feature selection, model selection, and hyperparameter
tuning, which are traditionally labor-intensive and error-prone.

Other than these general-purpose tools, there are also specialized AI platforms tailored for
biomedical research. DeepChem [11], for instance, is a machine learning library specifically
designed for drug discovery and toxicology, offering specialized features not available in
general-purpose libraries.

However, while these tools have made significant strides in advancing biomedical research, there
are several limitations associated with their use.

General-purpose ML and AutoML tools, such as TensorFlow and Google’s AutoML, are
not specifically designed for handling the unique characteristics of biomedical data such as high
dimensionality, heterogeneity, and inherent noise. This often necessitates significant manual
pre-processing before data can be fed into these tools [12].

Furthermore, these tools often lack interpretability, an essential requirement in biomedical
research where understanding the decision-making process of a model is as important as its predictive
accuracy [4].

While specialized tools like DeepChem offer features tailored for biomedical applications, they
do not cover the entire spectrum of biomedical research and are limited in their scope. Additionally,
the automatic integration of domain knowledge into the machine learning process is an ongoing
challenge and is not well-addressed by current tools [4].

Therefore, there are many recent discussions on multiple-biomedical task handling with
self-learning, self-optimisations and self-configuration processes such as [13] focuses on data science
processing automation with optimisation and [3] focuses on feature selection and model training.

2.2. Multiple-Task AI System Research

Industrial AI leading research groups such as Google AI and Meta AI understood that
data-driven AI technologies have issues with performing complex tasks. For example, creating
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human conversations with contextual understanding, or detecting early signs of disease from
images. In addition, data-driven AI is resource intensive and suffers from algorithm bias [14]. Thus,
the multiple-task enabled AI systems with a knowledge-driven approach present a pathway toward
a solution to these problems. Why is it thought that a knowledge-driven approach is necessary and
crucial for the multiple-task system? There are two reasons:

• The information acquired from different tasks may present value that can be used as the basis to
build new ML models for new tasks without requiring the high-cost processing to re-capture the
same feature characteristics.

• Updating knowledge through validation is a relatively consistent process that will be less prone
to bias from noisy data.

On completion of this research, two new ideas from Google and Meta have been published.
Google present an experimental process based on knowledge-mutation [15,16]. Here the

knowledge refers to base neural network transformers. To begin with, the experimental environment
contains transformers which can work on different tasks (different image datasets for the classification
problems). Then, when a new task arrives, the most related transformer will be triggered to do a
mutation process. The mutation process can edit the base model by inserting a new layer, removing a
layer, or doing both according to the performance optimisation. In the end, a new mutated adapter
is created to enable dealing with a similar task next time. Whenever a new task with a new dataset
arrives, the mutation process is executed based on the latest mutated model.

Meta research group presents a world model approach to acquiring knowledge very much in the
spirit of actor-critic reinforcement learning [17]. The system architecture is a combination of smaller
modules - configurator, perception, world model, cost, short-term memory, and actor - that feed into
each other. The world model module is responsible for maintaining a model of the world that can then
be used to both; estimate missing information about the world, and predict plausible future states
of the world. The perception module will receive signals to estimate the current state of the world
and for a given task the configurator module will have trained the perception module to extrapolate
the relevant signal information. Then in combination, the perception, world model, cost, short-term
memory, and actor modules feed into the configurator module which configures the other modules
to fulfil the goals of the task. Finally, the actor module is handed the optimal action to perform as an
action. This has an effect on the real world which the perception module can then capture which in turn
triggers the process to repeat. That is, each action will produce a piece of state-changing knowledge
feedback to the world model for continuous learning.

Both Google and Meta’s visions derive from the previous hyperparameter optimisation-based
AutoML processes [18], For example, AutoKeras [19], a neural architecture auto-search framework
is proposed to perform network morphism guided by Bayesian optimisation and utilising a
tree-structured acquisition function optimisation algorithm. The searching framework selects the most
promising Keras implemented NN for a given dataset.

The above experimental results show improvements in tackling complex AI tasks and possible
pathways toward human-level AI systems. However, there are two main limitations:

• The knowledge definition is too narrow and only uses the generated neural network as the
knowledge limits the capability of recording all valuable outcomes through the learning
experience.

• There is no unified knowledge representation structure for knowledge inference (machine
thinking).

Do we already have a knowledge representation framework from our AI research in the past 70
years? The answer is yes.
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2.3. Knowledge Representation and Reasoning

Knowledge representation and reasoning (KRR) are always the core research areas in AI
systems [20]. The knowledge-enhanced machine learning approach attracts less attention that the
data-driven approaches. However, KRR is still key in developing the future generation of AI systems
development [21], even Deep Neural Networks (DNN) can create KRR but just in a different form [22].
In our vision, the KRR should not only extract knowledge from data but also learn knowledge
from system actions that can support the reasoning process. Knowledge reasoning can be seen
as the fundamental building block that allows machines to simulate humankind’s thinking and
decision-making [23]. With generations of development on KRR, the current most promising approach
is the knowledge graph (KG) [24] derived from the semantic web [25] community. A knowledge graph
has two layers of representation structure: 1. pre-defined ontology and vocabularies and 2. instances
of triple statements (e.g. dog isA Animal, where the dog is an instance, isA is a predict while Animal is
a concept vocabulary defined in the ontology). The reasoning part is to apply the logical side of the
ontology, such as description logic (e.g. is the dog an animal? reasoning result is ’Yes’) [26]. There are
many complex types of ontologies developed in the last decade to solve different KRR problems and
applications. The most important development of ontology-driven reasoning is to encode dynamic
uncertainty [27], probability [28] and causality [29]. Therefore, the KG-based KRR framework can be
applied to implement our proposed vision.

2.4. Services and Machine Learning Ontologies

The web services community has researched auto-configuration or service composition for
many years by applying a variety of dynamic integration methods. There are two trends in service
composition research:

• Directly extracts the services description file (e.g. WSDL) and Quality of Services (QoS) into
a mathematical model with a logical framework for composing services such as a linear logic
approach [30] and genetic algorithms [31,32]. The major limitation is that there are no formal
specifications for modelling and reasoning. Therefore, the processes are mostly hard-coded to
match the logic framework.

• The other trend is to apply Semantic Web standards for semantically encoding services
description and their QoS properties (Semantic Web Services SWS)[33,34]. The main benefit is
that semantic annotation has an embedded logical reasoning framework to deal with composition
tasks.

On the one hand, the semantic web services (SWS) trend has greater strength for integrating the
KRR approach with the same semantic infrastructure and reasoning logic. Currently, there are three
standards of OWL-S (composition-oriented ontology), WSMO (task-goal matching oriented ontology),
and WSDL-S (invocation-oriented ontology). On the other hand, there are two differences between
our vision’s microservice to normal SWS. The first one is that AIMSs have simpler input and output
requirements to perform an efficient composition process. The other is that the purpose of each
microservice is to deal with data analytic or machine learning tasks. Therefore, the AIMS ontology
needs to be defined by modifying current machine learning ontology standards. Researchers have
realised that there is a need to have a machine learning ontology and some recent proposals in this
domain are: the Machine Learning Schema and Ontologies (MLSO) introduces twenty-two top-layer
concepts and four categories of lower-layer vocabularies (the detailed ontology design is in [35]); the
Machine Learning Ontology (MLO) proposes to describe machine learning algorithms with seven
top layer concepts of Algorithm, Application, Dependencies, Dictionary, Frameworks, Involved,
and MLTypes [36].
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2.5. The Gaps

By reviewing the current state of the art, we found that there are remaining research gaps to
achieve our goal.

• Self-supervised knowledge generation during the machine learning process and solution creation.
In the past, knowledge generation system mainly refers to expert systems that acquire knowledge
from human expertise or systems that transform existing knowledge from one presentation
to the other. [29] presents an automatic process of disease causality knowledge generation
from HTML-text documents. However, it still doesn’t fully address the problem of how to
automatically learn valuable knowledge from the whole task-solution-evaluation machine
learning life cycle. Considering human-level intelligence, we always learn either directly from
problem-solving or indirectly through other human expertise (e.g. reading a book or watching a
video) or a combination of bother (e.g. reflecting on the opinions of others).

• Provisioning knowledge-guided auto-ML solution. In contrast to the first gap, there are no
significant research works on using the knowledge to assist in providing an AI solution.
Again, compared to human-level intelligence, we always try to apply acquired knowledge
or knowledge-based reasoning to solve the problem. We can consider that the transformer
process [37] is a step forward in this direction. We can treat well-trained AI models as a type of
knowledge to apply to different tasks in a similar problem domain. However, there is still no
defined framework that can specify what knowledge is required and how to use the knowledge
to find a solution to new tasks [15].

3. The Framework Architecture

Figure 1 represents our vision of Self-supervised Knowledge Learning with the AIMSs
Engineering approach. The left part of the figure presents the initial settings of the intelligent
environment. The initial environment only contains default AIMSs information such as purposes, I/O
requirements, and invokable URI (detailed AIMS metadata ontology will be introduced in the next
section). However, the initial settings are ready for doing four things:

• Registering new AIMSs from outside the environment. The registration process is through
the interactive interface according to the defined microservice ontology. Therefore, human
involvement in Machine Leanring microservice engineering is a core part of this vision, which
defines humans as an educator to teach basic skills and capabilities to deal with different
tasks. Then, the environment will reuse these skills and capabilities to acquire knowledge.
The knowledge will provide powerful reasoning sources to independently deal with complex
tasks, decision-making, and creating new pipelines.

• Taking tasks with a variety of inputs, such as CSV data files, images, text and audio data.
The environment auto-configures on the default AIMSs and provides solutions to the tasks.
The success or failure outcome will be recorded as knowledge. The microservice human
engineering process will start if there are no suitable AIMSs to deal with the task.

• The environment can compose multiple AIMSs to complete a task if one single microservice
cannot achieve it.

• The environment can start learning, representing, and storing knowledge in the knowledge
space as knowledge graph data. The knowledge is derived from processing input data,
the auto-configuration process, and task outcomes. The knowledge size will increase and
thus provide better optimisations, auto-configuration, and feedback to the system user.

To realise the vision presented in Figure 1, we will discuss the related existing technologies and
their research outcomes that can be adapted into our research next.
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Figure 1. The vision of the self-knowledge learning approach with semantic ML Microservices

4. Self-Supervised Knowledge Learning for Solution Generation

The self-supervised knowledge learning approach involves three types of auto-configuration
transfer learning methods. Figure 2 presents the overall learning framework.

The first method is knowledge space searching and transferring: A task with a dataset (referred
to as a task-context) arrives, and there is no previous knowledge related to the task-context. Therefore,
the knowledge space will be searched to try to find a possible microservice that can match the context
to complete the task or search for a pipeline (workflow) that contains multiple I/O compatible AIMSs
together towards the best and successful completion which can be optimised. The task-context and the
optimized solution are recorded as task input and output knowledge. The evaluation will generate
rewards for the policy knowledge space. In addition, the knowledge learnt from the process will be
recorded to update the world knowledge space.

The second one is the mutation of a previously generated context-matched solution. If the
new task-context matches with a previously recorded task-context in the knowledge space, then the
previous solution will be loaded to adapt to the new datasets and the optimisation process. Finally,
a new mutated solution is created and recorded as new knowledge with the new evaluation rewards
and world knowledge of the KRR environment.

The third one is the continuous learning mutation method based on the reinforcement learning
approach. With the growth of the KRR statements, the auto-mutation will take place using world
knowledge to re-train the solutions according to the rewards. The third learning method takes place
offline only but continues doing an update when KRR is updated.
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Figure 2. The vision of the self-knowledge learning approach with AI Microservices

5. Experimental Implementation

5.1. Overview of the Implementation Structure

Figure 3 shows a three-layer implementation of the vision. It also shows how these layers map to
the automotive solution provisioning process.

• Request layer takes tasks and inputs from AI applications to trigger the solution searching
and self-learning processes. Task-context is semantically encoded to enable starting the policy
knowledge to explore the environment for learning, creating, or finding solutions.

• Reasoning layer takes the request layer’s semantic reasoning tasks for semantic matching,
reasoning and doing reinforcement learning mechanism. Finally, the policy will be recorded in the
knowledge graph layer. In addition, the newly added AIMSs are registered to the environment
with semantic annotations through knowledge registration and generation components.

• Knowledge Graph layer remembers the knowledge data in the knowledge graph triple store
based on different types of knowledge schema.
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5.2. Knowledge Ontology Implementation

5.2.1. AI Microservice Knowledge Modelling

AIMS registration ontology defines 9 parameters (see Figure 4).

• name - must be no duplication in the system, and the registration process will check the name’s
legibility.

• description - a short presentation of the AIMS for human understanding.
• framework - indicates the programming framework used to develop the AIMS. Normally, it should

be just one framework as AIMS is designed to be decoupled and ideally single responsibility.
• dependency - describes the required programming libraries that need to be pre-configured to

enable the AIMS to work.
• input and output - specifies the parameters that should be in the input and output messages.
• category - tells what AI-related domain the ms works on, such as supervised classification,

unsupervised clustering, image classification base model, and more.
• license - identifies the use conditions and copyright of the AIMS.
• invoke path - contains the portal for accessing the AIMS. The path can be a local path or URI of a

restful API.
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5.2.2. Task-Context Knowledge Modelling

Each given task triggers a context knowledge creation that collects the knowledge of:

• the type of input data - a controlled variable that majorly includes normal dataset (e.g. CSV file),
image, and text.

• task domain - free text to record the specific application domain
• desire output type - records the output required to complete the task successfully.
• the features - the dataset or data presents the initial characters of the input data. For example,

the number of columns and column names will be remembered as part of the context knowledge
of the task.

5.2.3. Policy Knowledge Modeling

The output of the performed task can be categorised into two types failure and success. Both
failure and success need to update the policy knowledge link to the task-input context. Failure has no
solution registered to the knowledge but records which AIMSs have been successfully invoked (can be
an empty list) until the step that cannot continue going further. So the failure experience will tell the
system administrators (people) what AIMS(s) are required to create a solution. The success registers
the solution location and changes the policy with the reward value. If the solution contains a workflow
of composed AIMSs, then the workflow will also be registered as knowledge with the normalized
rewards for each of the AIMS.

The ontology was designed as:

• policy context - links to a task-context
• policy state - 1 is success and 0 is failure
• solution iloc - the location where the solution can be loaded and executed.
• workflow - presents a pipeline solution that composes multiple AIMSs.
• solution reward - the reward value stored for the policy that can be the recommended guidance

for supporting the creation of a new task solution.
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5.2.4. World Knowledge Modeling

The world knowledge presents the facts learned from the task solution creation process and
outputs. There are three types of world knowledge recorded in the current environment:

• feature optimisation outcomes - the features selected in the optimisation are valuable, and these
features will be reused to create a classification model if the new dataset features are the same.

• answers for a certain text topic - a generated text answer for a question. The answer quality will be
reported as a reward value feedback from humans back to the policy knowledge.

• image RBG vectors - map to a classification label. The reward process is the same as the answers.

More world knowledge can be expanded in the environment. By having these commonsense and
policy records, reinforcement can be performed to improve the solution accuracy incrementally.

5.3. Environment Initialization

The experiment environment is developed by Python in a local single-computer environment.
We simplified the AIMS as a .py module in the environment to be invoked and registered. The full
implementation can be found in GitHub repository (https://github.com/semanticmachinelearning/
AISMK). We initialised the environment with three types of AIMS

1. Data Processing AIMSs that include CSV file to a Panda service, Data training and split
service, data quality control services, data normalisation service, Image process Service, data quality
control service.

2. ML AIMSs that include clustering services, classification services, GPT-neo-1.3B text generation
services [38,39], ViT image classification transformers [40] and Seanborn visualisation services.

3. RFECV optimisation services.

6. Scenario Evaluation and Lesson Learned

6.1. Heart Disease Classification Scenario

Figure 5 presents one of our use case scenarios in the medical domain. The task context is:

• input: 335 clinical CSV heart disease files labelled 0 (no disease) and 1 and 1 (confirmed disease)
• domain: medical
• desire output: an optimised classification pipeline model

The application domain is medical and the desired output is an optimised classification pipeline
model. Figure 5 illustrates how the process starts by searching existing knowledge (no knowledge
found) and creates a workflow containing four AI microservices for loading the CSV data, splitting the
data, classification pipeline creation, and optimisation to get the accuracy of 96.8% model. Different
pieces of knowledge are learned and recorded in the system environment.

Figure 5. Scenario 1 - Heart disease classification solution building and knowledge learning process
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6.2. Parkinson Disease Classification Scenario

The second task-context is:

• input: csv Parkinson disease clinical example data with labelled 0 (no disease) and 1 (confirmed
disease)

• domain: medical
• desired output: an optimised classification pipeline model

Figure 6 depicts the scenario in which a similar task of classifying Parkinson’s disease is fed
in, the framework starts searching for a solution. As the system environment has pre-knowledge,
gained through the previous heart disease classification, and since the only difference is the dataset,
the framework can use the classification pipeline and retrain it to be optimised for the new dataset.
We can call this process a composition transfer learning process. The novelty is that the system
environment can solve different tasks by applying contextual knowledge of the problem. Thus,
the framework can automatically deal with all types of data if the required models are semantically
registered in the framework. Through this composition transfer learning, the whole automatic pipeline
can produce a 94.6% accurate model.

Figure 6. Scenario 2 - Parkinson disease pipeline transfer classification process

6.3. A Complex Scenario: Mouse Brain Single-Cell RNASeq Downstream Analysis

In this section, we use a clustering analysis case study to highlight how the proposed framework
can solve a real-world downstream single-cell data analysis task. The clustering analysis task works
on a mouse brain single-cell RNASeq dataset. The dataset is publicly available through a workshop
tutorial at [41]. There are five sequential processing and analysis steps:

1. Data semantic transforming and loading: For instance, applying AnnData structure [42], where
AnnData stores observations (samples) of variables/features in the rows of a matrix (see Figure 7).

2. Data quality control: This aims to find and remove the poor quality cell observation data
which were not detected in the previous processing of the raw data. The low-quality cell data
may potentially introduce analysis noise and obscure the biological signals of interest in the
downstream analysis.

3. Data normalisation: Dimensionality reduction and scaling of the data. Biologically, dimensional
reduction is valuable and appropriate since cells respond to their environment by turning
on regulatory programs that result in the expression of modules of genes. As a result,
gene expression displays structured co-expression, and dimensionality reduction by the
algorithm such as principle component analysis can group those co-varying genes into principle
components, ordered by how much variation they explained.
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4. Data feature embedding: Further dimensionality reduction using advanced algorithms, such
as t-SNE and UMAP. They are powerful tools for visualising and understanding big and
high-dimensional datasets.

5. Clustering analysis: Group cells into different clusters based on the embedded features.

Figure 7. AnnData Structure

Based on the above five steps, we developed extra four microservices which include AnnData
loading, two feature embedding services (t-SNE and UMAP), and clustering services (Louvain
graphical clustering algorithms). The other existing microservices can be involved should be different
types of normalisation (PCA or CPM algorithm), K-mean clustering algrithm.

The microservices were semantically registered into the framework through the interface.
Figure 8 depicts an example of quality control microservice semantic description in the knowledge
graph repository.

With all the microservices registered, researchers can start expressing the analysis task to stop,
interact and provide feedback at any stage during the process of automatically creating the solution.
The researchers can also see visualisations of outputs produced by different steps (see Figure 9).
Therefore, researchers can provide preferences for selecting microservices if there are options.

A realistic example is that a researcher can specify a clustering task applied to the mouse brain
single-cell RNASeq dataset. The framework will first try to see if a single microservice can complete
this task. The answer is ’no’ because no semantic-matched microservice can take the RNASeq CSV
input and provide the clustering output. At this juncture, the microservice that can take the RNASeq
CSV will be invoked to process the data into the next step with the output of AnnData. If there
are multiple choices in the composition sequence, all possibilities will be invoked to run unless the
previous knowledge in the policies has a priority. The possibilities have multiple solutions at the
end for researchers to analyse for giving professional feedback to the system. The feedback will help
greatly with the knowledge graph policies. For example, suppose the researcher gives feedback to the
system that UMAP is the better embedding method than t-SNE but has no priority on the clustering
methods. In that case, the framework will produce two possible clustering results shown in Figure 10.
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Figure 8. Quality control microservice semantic description

Figure 9. Visualisations of analysis steps
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Figure 10. Two clustering outcomes from automatic process

7. Discussion

By evaluating the performance of the test scenarios, we believe the combination of KRR and
automation of AIMSs is one possible approach to developing human-level AI systems. We implement
the environment that has AIMSs that can take text, CSV files, and images as default settings with
splitting data, classification, prediction, and optimisation AIMSs. It shows that system can generate
and optimise solutions for different types of tasks by applying or creating knowledge. However, there
are some limitations that need to be addressed in future work:

• The benefit of applying a triple KG structure to encode KRR elements is the unification,
standardization, and ease of adoption by different applications. However, if the KG grows
too big, the efficiency of referencing based on the complex graph query is very slow. Especially,
if the different types of knowledge are stored separately, then the union querying on the graph is
very costly. The future work direction is to efficiently embed the Knowledge Graph into a more
efficient vector space [43].

• The current implementation cannot take multi-modal inputs that belong to one task to generate
a solution (Multi-modal Machine Learning). Humans can take images, data, sound, and smell
together to complete the task, but it is still a challenge for the machine to merge different types of
inputs together to solve the problem [44–46].

• When we started writing this paper, the Google research papers were published introducing the
mutation of Neural Network (NN) to deal with multiple image classification tasks [15,16]. This
latest paper provides some new ideas to us that not only data or services based mutation but
also actions of inserting or removing NN hidden layers can be stored as knowledge in the future.

8. Conclusions

Our proposed Automatic Semantic Machine Learning Microservice Framework (AIMS) presents
a novel approach to managing the complex demands of machine learning in biomedical and
bioengineering research. The AIMS framework utilizes a self-supervised knowledge learning strategy
to ensure automatic and dynamic adaptation of machine learning models, making it possible to keep
pace with the evolving nature of biomedical research. By placing emphasis on model interpretability
and the integration of domain knowledge, the framework facilitates an improved understanding of
the decision-making process, enhancing the relevance and applicability of the generated models.

The three case studies presented underscore the framework’s effectiveness in various biomedical
research scenarios, demonstrating its capacity to handle different types of data and research questions.
As such, the AIMS framework not only offers a robust solution to current challenges in biomedical
and bioengineering research but also sets a promising direction for future developments in automated,
domain-specific machine learning. Further studies are required to evaluate the AIMS framework’s
performance across a wider range of biomedical and bioengineering applications and to refine its
capabilities for even more efficient and precise knowledge discovery.
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