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Abstract—This paper proposes the definition of core com-
ponents of the healthcare domain that can be used as basic
building blocks for the development of mHealth applications.
Using Natural Language Processing techniques, we systemat-
ically analyze all health interventions defined in the Nursing
Interventions Classification taxonomy to define a comprehensive
set of basic components. Our results show that it is feasible to
define a finite set of core components from the nursing domain
language that can be further composed into health care plans
thus establishing a foundation for developing mHealth solutions
with reduced technical effort.

Index Terms—mHealth, care plan, component-based software
engineering, no-code, reusable components.

I. INTRODUCTION

Mobile health (mHealth) applications have emerged as
powerful tools for improving patient engagement, remote
monitoring, and chronic disease management [1]. These ap-
plications offer numerous advantages, including enhanced
communication between patients and healthcare professionals
(HCPs) and improved access to care. Developing an effective
mHealth app is both complex and costly, demanding a solid
technical foundation in both medical and programming do-
mains. Close collaboration between HCPs and developers is
crucial to ensuring that these applications comply with clinical
standards, regulatory requirements, and user needs. Moreover,
this interdisciplinary partnership must be sustained over time
to support the continuous maintenance necessary for delivering
a reliable solution [2].

No-code (NC) platforms apply Component-Based Software
Engineering (CBSE) principles to allow users without pro-
gramming expertise to develop applications using graphical
interfaces and predefined functional modules instead of writing
code [3]. These platforms have become increasingly popular
across the education, finance, and administration sectors by
making software development more accessible and minimizing
dependence on technical skills.

In theory, HCPs could leverage NC platforms to develop
mHealth apps tailored to specific treatments, reducing depen-
dence on IT teams and lowering costs [4]]. In practice, however,
NC platforms are constrained by basic functionalities and often
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fail to meet the specialized demands and more complex execu-
tion flows of healthcare applications. Moreover, a significant
gap exists between the language and reasoning used by HCPs
and the technical components they must navigate within an
NC environment [5].

A possible solution to bridge this gap is to represent the
reasoning and language of health care plans as high-level
components that can be later translated into computational
elements. By focusing on healthcare-specific components, one
can reduce the gap between clinical and programming domains
and assist in developing customizable digital solutions without
extensive technical expertise. To this end, one needs elements
that HCPs use in their daily practice as the basic construction
components for the logic of the digital solution. Furthermore,
one must define the relationship between those basic compo-
nents and the computational elements executing that logic.

Previous work [6] proposed the use of nursing taxonomy as
the basis for the definition of health component models that
can be combined into a care plan and used, for example, on
NC platforms for the healthcare domain. Five Nursing Basic
Component (NBC) models were defined to represent basic
actions that can be combined to define a care plan. For each
NBC, the structure, behavior, and interface were specified,
enabling them to be developed, deployed, and reused.

One important limitation of that work is the fact that only a
subset of the nursing taxonomy is considered for the definition
of the core components. Thus, the resulting NBCs, although
valid, may not be enough to subsume all possible healthcare
interventions and care plans.

In this work, we leverage current Natural Language Pro-
cessing (NLP) techniques (e.g., topic modeling and in-context
learning) to systematically analyze all interventions currently
described in the Nursing Interventions Classification (NIC)
and define a comprehensive set of NBCs. The proposed
approach generates an NBC for each NIC through in-context
learning [7]], and merges similar ones through topic modeling
techniques [8]. These NBCs can be further used to build
more precise and concise healthcare solutions. We evaluate
our approach using a combination of qualitative analysis



and computational metrics, including the coherence, pairwise
Jaccard distance, and proportion of unique words to measure
topic quality. Our results show that a set of NBCs can be sys-
tematically extracted from the nursing taxonomy to represent
precise and complete care plans. This improvement represents
one additional step towards the implementation of a practical
NC platform for the development of mHealth applications.

The paper is organized as follows: Section [lI| reviews the
concepts of nursing taxonomy and component models used in
this work. Section presents the proposed approach while
Section [[V] details the implementation and results. Section [V]
discusses related works and Section |VI| resumes the key find-
ings, limitations, and potential implications of our approach.
Section concludes the paper.

II. BACKGROUND

This section presents the concepts of the nursing taxonomy
(which represents the reasoning we want to model in the
proposed CBSE approach) and the concept of the component
model (which will be used during the modeling phase).

A. Nursing taxonomy

In nursing practice, care plans and interventions are created
based on a systematic nursing process that includes assess-
ment, diagnosis, planning, implementation, and evaluation.
The care plan ensures continuity of care and provides a frame-
work for coordinating actions among healthcare providers.
Interventions are specific actions or strategies implemented to
address a patient’s needs and achieve desired health outcomes.
Together, care plans and interventions ensure that patient care
is both systematic and individualized.

NIC standardizes possible nursing interventions. They can
be independent or collaborative, direct or indirect, and individ-
ual or group oriented [9]]. NIC is composed of seven domains,
30 classes, more than 500 interventions, and 13,000 actions or
activities (hereafter, called activities). In this work, we refer
to activities defined in the NIC reference book [9]]. Finally,
activities can be classified into two groups: nurse-dependent
and independent. The first includes activities that require nurse
participation (for example, catheter replacement). The second
group contains activities that patients can do on their own (for
example, drinking water every 2 hours). In this work, we focus
on the second group.

B. Component model

A component model defines the structure, composition,
and interaction of software components within a system. It
establishes the rules governing component reusability, in-
tercommunication, and execution to ensure modularity and
scalability [[10]. On the other hand, components are an in-
stantiation of component models. For example, a "Medication”
component model could define a name, a dosage, and the time
the patient should take a medicine. Assume that the user has
to take two pills of a medicine called ”Aspirex” at § AM. The
instantiated component would have the ”Aspirex” name, two
pills as the dosage, and the time set to 8 AM.

The creation of new component models requires the defi-
nition of key characteristics, including the component’s pur-
pose, functionality, dependencies, and interfaces. By clearly
establishing these elements, the model dictates how compo-
nents interact and integrate, contributing to efficient system
design and development. This structured approach facilitates
the creation of reusable and interoperable components within
a system. In this paper, we focus on developing healthcare
component models based on NIC.

III. PROPOSED APPROACH

We assume that mHealth applications are mostly useful
to help patients autonomously follow the instructions and
interventions proposed by the HCPs. In this context, the NIC
taxonomy is the domain language used by HCPs to define the
activities associated with each mapped intervention from the
care plan. Thus, our ultimate goal is to model activities of the
NIC taxonomy as NBCs that can be further used to generate
computational elements to build specialized digital solutions,
such as mHealth applications.

As explained in Section @ there are more than 13,000
activities from NIC, so a manual generation of NBCs is not
feasible. In this work, we want to investigate the hypothesis
that an NLP-based approach will allow us to extract a
more comprehensive set of health components from the NIC
taxonomy, thus providing a richer and more precise interface
for HCPs to define digital care plans. To do this, we first
need to explore the complete NIC taxonomy and extract the
activities of each NIC. Then, we need to define a component
model for each semantic group defined in the previous step.
Figure [I] depicts the proposed approach that is detailed next.

A. Defining syntactic groups from NIC Taxonomy

We start by extracting all health interventions mentioned in
the NIC’s reference book [9] and filtering nurse-independent
activities. We perform this filter because our goal is to help
discharged patients. Then, we ask an LLM to analyze each
nurse-independent activity associated with an intervention
and to generate an NBC. To do this, we define a suitable
prompt that provides some examples of NBCs generated from
activities of NICs (in-context learning [7]). After all activities
from interventions are analyzed, high similarity between the
NBCs may exist. We use an NLP technique, called topic
modeling [8], to identify these similar NBCs. It consists of
automatically grouping words that frequently appear together,
helping to identify patterns and structures in large text datasets.

We use two preprocessing strategies to remove possible
noise from topic modeling. First, we remove stop words,
special characters, and irrelevant words. Then, we merge
similar words before the application of the topic modeling
technique. Finally, we run a topic modeling technique (see
Section to generate a set of topics grouping NBCs by
syntactic similarities, which we call “syntactic groups”.

B. Defining NBCs from syntactic groups

After grouping the nurse-independent activities into similar
syntactic groups, we have to convert them back into the final
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Fig. 1. Methodology overview

NBCs. Thus, we organize the syntactic groups previously
obtained by manually analyzing their semantics and purpose.
For each syntactic group, if there already exists a semantic
group that can represent it, the element is mapped to the
existing group. Otherwise, a new semantic group is created
following the structure shown in Table[l] representing the new
semantics. Lastly, for each semantic group created, we used
the LLM model to generate an NBC, providing a very similar
prompt of Figure 2] Each semantic group is composed of a
list of the 8 most representative words of the topics of its
syntactic group members. At the end, we have the final NBC
that represents the group.

TABLE I
NBC INTERFACE (ADAPTED FROM [6]])

Name Description
Name Component identification 1
Description Summarize what the component does.

Type Indicates if it is a periodic or non-periodic behavior.

Input List of parameters that the component receives.

Output Information obtained at the end of the component

execution.
.e . . 2

Preconditions  Set of necessary conditions for component execution

Postconditions  Set of what should hold true after the execution of
a component
Describe the relationships between components and

external factors a component relies on

Dependencies

R )

IV. IMPLEMENTATION AND RESULTS

In this section, we describe how we applied the proposed |
methodology. For better understanding, we have divided it
into three subsections: [V-A] the extraction of NBCs from .,
the nursing interventions book [9], the generation of
syntactic groups, and [[V-C| the generation of the semantic
groups and the final set of NBCs.

For our experiments, we selected Meta Llama 3 E|With 70
billion parameters and BERTopic [§] for NBC definition and
NBC grouping, respectively. Llama 3 is open source, trained
for general purposes, and has been largely evaluated in the last
two years.

A. Extracting NBCs from nursing interventions

We extracted every activity from the NICs reference
book [9]] and stored them in a JSON file. After that, we used

Thttps://github.com/meta-llama/llama3

Meta Llama 3 to generate NBCs for every activity that patients
can execute without the help of a nurse (nurse-independent
activity).

We use in-context learning and provide a prompt with six
examples along with the generated NBC as part of the prompt.
The mapping examples were built by selecting NICs with
a previously known mapping, for which a basic component
had been manually created. Figure [2] shows the final prompt
defined after a few experiments. Lines 1 and 2 introduce the
LLM to the task, while lines 4 and 5 describe the NBC’s
structure. Lines 7 and 8 provide the mapping examples, and
lines 10 and 11 specify the output format. Finally, lines 13
and 14 provide the input, i.e., the activity of a NIC. We note
that the term “no-code element” is used in the prompt because
it generates better results than the word "NBC”.

You are an AI model expert in healthcare informatics

and software engineering. Your task is to identify
what no-code elements are necessary for
implementing actions/activities from nursing
interventions (NICs) into mHealth applications for
patients. These elements are nodes that can be
connected, representing a semantic flow.

Note that some interventions may not have a no-code
element associated, as they may require human
judgment or observation that cannot be replicated
by a no-code element.

### No-code element structure
{{ Table I }}

### Examples
{{ examples }}

#4## Output format
{{ Table I }}

## Action/activity
{{ NIC action/activity }}

Fig. 2. Prompt developed in this work. Note that texts between curly braces
(“{” and “}”) are inputs embedded in the prompt

From this experiment, 13.067 NBCs were generated, but
many of them present similar elements, as expected. Thus, we
proceed to the generation of syntactic groups from the initial
set of NBCs as detailed below.

B. Generating syntactic groups

To enhance the analysis, it was necessary to merge related
NBC:s into broader, semantically meaningful groups. Given the
large number of NBCs generated, a manual approach would




have been impractical and subjective. Therefore, we have
chosen topic modeling techniques to identify similar content
across the syntactic groups. From these similar contents, we
can generate NBCs with high coherence.

Topic modeling is an unsupervised machine learning method
that discovers underlying themes in textual data by grouping
documents based on shared patterns of word usage. In this
study, we used BERTopic [§] and HDBSCAN [11]] with cosine
distance for performing the experiment. The first one was se-
lected because it is a state-of-the-art topic modeling framework
that leverages modern language models to provide meaningful
clusters and topics, while HDBSCAN is the standard clus-
tering algorithm used by BERTopic. We also performed two
preprocessing steps to remove noise as described in Table [[I}
Through a heatmap (Figure [3)), it is visible that there are
several components with similarity higher than 60%, and the
algorithm identified 179 topics out of the 13.067 provided
NBCs.

TABLE 11
PREPROCESSING STEPS

Step  Preprocessing

1 Remove stop words
Remove special characters, such as '# and *@’

3 Remove the irrelevant words: “no-code”, “code”, “el-
ement”, ‘“name”, “parameter”, ‘parameters”’, “speci-
fication”, “specifications”, “specifications”, “coding”,
“boolean”, “none”, “null”

4 Replace the following similar words with “multimedia”:
“media ”, “http”, “https”, “videos”, “video”, “url”, “im-
age”, “images”, “html”, “site”, “sites”, “link”, “links”

5 Replace the following similar words with “registry”:
“log”, “logger”, “logging”

6 Replace the following similar words with “boolean”:
“no”, “yes”, “not”

We selected three metrics to evaluate our model: coherence,
pairwise Jaccard distance, and proportion of unique words.
The first metric measures how semantically consistent or
meaningful the words in a topic are, where higher coherence
indicates that the words within a topic tend to co-occur
together in similar contexts. The second one measures the
dissimilarity between two topics by comparing the similarity
of words. It ranges from O (identical topics) to 1 (completely
disjoint topics). Lastly, the proportion of unique words eval-
uates the uniqueness of words within a topic compared to
other topics, where a higher proportion indicates that the
topic contains more words that do not appear in other topics,
signifying distinctiveness.

The evaluation results are presented in Table [[TI] showing
that the topics have high cohesion and are very different from
each other. This can be visualized in Figure[d] where each topic
is composed of similar words and one topic is very different
from the others. In the context of this paper, each topic is a
grouped NBC.

C. Generating semantic groups and NBCs

Besides the syntactic similarity, semantic analysis can also
be applied to further reduce the number of basic components
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Fig. 3. Similarity heatmap of the NBCs. Note that dark blue means high
similarity.

TABLE III
EVALUATION OF THE MODEL

Metric Value
Coherence 0.6496
Proportion of Unique Words ~ 0.6722
Pairwise Jaccard Distance 0.9957

without compromising expressiveness. This is done using the
LLM model used in Section [[V-A] From this step, we reached
67 NBCs and classified them by function, as depicted in
Figure Finally, we defined each NBC using the interface of
Table[l] The complete set of health basic components obtained
is available in a public repository.

V. RELATED WORK

Research in mHealth has experienced significant growth in
recent years, driven by advancements in mobile technology,
artificial intelligence, and the increasing demand for remote
healthcare solutions. Rivera-Romero et al. (2023) [[12]] explore
the current state of personalization in mHealth solutions,
particularly focusing on the methods and strategies used to
tailor mobile health interventions. Their study highlights the
increasing interest in personalized mHealth since 2020 and
identifies key areas where personalization is applied. They em-
phasize the use of behavioral change theories and motivational
strategies, including gamification and personalized messaging,
to enhance user engagement and adherence.

Zhttps://github.com/williamniemiec/williamniemiec/tree/main/publications
/2025/Leveraging%20Natural %20Language%20Processing %20for%20mHealth
9%20Development%20-%20A %20Component-Based%20Approach%20Using
%20Nursing%20Taxonomies
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TABLE IV
TOTAL ITEMS IN EACH NBCS CATEGORY

Category Total NBCs

—_
—_

Clinical Care and Procedures
Medication and Treatment Management
Mental Health and Well-being
Vital Signs Monitoring and Control
Planning and Routine Management
Social and Behavioral Well-being
Entertainment and Motivation
Hygiene and Physical Health
Communication and Shared Care
Nutrition and Eating Habits
Education and Health Guides
Physical Activities and Mobility
Symptoms and Diagnosis

Rest and Sleep

NN WWRAEREREREAOuu O

Giunti et al. (2018) [[13[] present the design and evaluation of
”"More Stamina,” a gamified mHealth solution aimed at help-
ing individuals with multiple sclerosis manage their fatigue.
The study emphasizes the importance of user-centered design
in developing effective health interventions. The researchers
incorporated behavioral change models and gamification ele-
ments through iterative prototyping and heuristic evaluation to
create an engaging and personalized task management tool.

Our work aims to further bridge the gap between the
healthcare and technology domains by using the principles
of component-based software engineering [[10]]. This approach
improves software maintainability, scalability, and overall de-
velopment efficiency by breaking down functionality into
modular units. We investigate the definition of core component
models in the language of the HCP so that they can be
leveraged to address the complexity of implementing mHealth
solutions.

Another foundation of our approach is the use of currently
available natural language processing techniques. Liu et al.
(2023) [14] examine the potential of an LLM model in clinical
practice, focusing on areas such as clinical decision support,

medical documentation, and intelligent question-answering.
The results show that the LLM model can generate accurate
differential diagnosis lists and provide valuable insights for
clinical decision-making, cancer screening, and optimizing
decision-support systems.

Bhukya et al. [15] evaluate the application of NLP and
topic modeling techniques to analyze patient reviews from
online healthcare platforms. By identifying key themes, the
research aims to extract insights that can help improve the
quality of care and access to healthcare services. The results
show that topic modeling can successfully identify common
patient concerns and satisfaction areas across primary care,
specialist care, and hospital services.

We use LLMs to perform an exhaustive analysis of a
document with a comprehensive set of health interventions
described in natural language. The result of this analysis will
guide us toward the definition of meaningful high-level com-
ponents that can be combined into a care plan logic and further
translated into computational elements of a corresponding
mHealth application.

VI. DISCUSSION

In this chapter, we delve into the key findings, limitations,
and potential implications of our proposed approach.

A. Key Findings

Our approach leverages CBSE principles to bridge the gap
between the health domain and computational models. This
enables HCPs to design and customize mHealth applications
without the need for extensive informatics expertise. By con-
verting NBCs into reusable software components, we enhance
the flexibility and adaptability of mHealth solutions. Also, our
approach generated 67 NBCs, a significant improvement over
the original study, which identified only 5 NBCs.

B. Limitations and Threats to validity

We identified three threats to the validity of our findings,
which are discussed next.

o Population validity: We interviewed 14 nurses from dif-
ferent specializations and identified NANDA-NIC-NOC -
a standard for care plan creation - and used it (only NIC)
in our approach. However, it may be possible that there
are other standards or other elements we do not address
in this work. This risk is mitigated because we described
a broader methodology, defined in Section that can
be used in other standards beyond NIC.

o Internal validation: Another key threat pertains to the
semantic grouping process. As this step is performed
manually, it introduces a degree of subjectivity, poten-
tially influencing the categorization of data points. To
mitigate this risk, we intend to automate this process in
future work.

o Construct validation: Given the reliance on LLM models
to identify and define NBCs, there is a risk of misinterpre-
tation or incomplete representation of the interventions,
or even new elements can show up depending on the



chosen model. To mitigate this risk, we ensured that the
prompts and data preprocessing steps were designed to
be model-agnostic, allowing future studies to replicate
our methodology with alternative LLMs for comparative
analysis.

o Conclusion validity: The choice of clustering algorithm
for topic modeling impacts the structure and interpre-
tation of extracted topics. In our study, we employed
HDBSCAN, a density-based clustering approach. Future
work should explore additional clustering techniques to
further validate our findings.

C. Practical Implications

By enabling HCPs to develop and customize mHealth ap-
plications, we can improve patient engagement and adherence,
leading to better health outcomes. The dependency reduction
on informatics teams also means that healthcare providers
can respond more quickly to changes in patient needs and
treatment protocols. Moreover, the cost savings associated
with possible reduced hospitalizations and consultations can
be substantial, making this approach economically beneficial
for healthcare systems.

Our approach also has the potential to significantly impact
healthcare delivery in underserved and rural areas. By enabling
HCPs in these regions to develop mHealth applications, we can
improve access to quality care for populations that traditionally
face barriers to healthcare services.

VII. CONCLUSION

This work proposes to systematically extract and define
nurse-independent activities from the nursing taxonomy aim-
ing at finding a finite set of basic actions that can be later
instantiated and combined into a care plan to help discharged
patients. These components can, for example, be connected to
create a flowchart, representing an object from the nursing
domain, which may be parsed to generate computational
elements. In that way, these basic components can act as a
bridge between the nursing and computing domains, reducing
the learning curve for HCPs and helping the development of
more precise tools for this domain through CBSE.

In future work, we plan on defining a computational model
for representing care plans using the defined NBCs. Also,
we intend to conduct workshops with users, including both
patients and nurses, to validate the usability and effectiveness
of our approach. These efforts will further refine our approach
and enhance its applicability in real-world clinical environ-
ments.
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