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Abstract Early detection of mycobacterial lung disease is tough because we have a lot of different
clinical data and old diagnostic methods are not very good. This paper is about a healthcare software
system that was made using a careful and organized approach. The chronic mycobacterial lung disease
software system puts together data collection getting the data ready and analysis that uses intelligence.
The chronic mycobacterial lung disease software system looks at chest X-ray pictures and clinical infor-
mation using a kind of neural network. We tried it out with 5,200 examples and it was very good. It got
the answer 95.1 percent of the time it was precise 94.6 percent of the time it caught most of the cases
95.8 percent of the time it had a good balance of precision and recall with a score of 95.2 percent and
it was very good at telling the difference between things with a score of 0.97. When we compared it to
models it did better every time. The results show that we need to use kinds of data and plan the soft-
ware carefully to make chronic mycobacterial lung disease software systems that are reliable and easy
to use. The chronic mycobacterial lung disease software system is very important, for mycobacterial
lung disease diagnosis and treatment.
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large cohorts [25]. Additionally, novel multimodal Al
frameworks now integrate respiratory sound analysis

The high rate of development of artificial intelligence
(Al) [1] has made noticeable changes to the modern
healthcare system, allowing it to detect diseases early,
support healthcare decisions, and constantly monitor
patients [2]. Recent studies have further demonstrated
the transformative potential of Al in pulmonary radiog-
raphy, with deep learning models such as DenseNet121
and ResNet50 achieving high diagnostic accuracy across
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with simulated biomarker data to enable personalized
diagnostic and therapeutic recommendations [26]. This
change is highly dependent on software engineering as
it offers organized techniques and designs with scalable
frameworks, reliable systems, and robust architecture
to make Al-based healthcare solutions robust, safe, and
clinically implementable. Due to the growing depen-
dence of healthcare on data-intensive and real-time
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healthcare systems, the development of intelligent
healthcare software has become a research priority in
the software engineering community.

Chronic mycobacterial lung disease [3], which is
mainly due to recurrent mycobacterial infections, is a
significant health issue of concern in the world coun-
tries, especially in the low and middle-income areas
[4]. Late-stage diagnosis, accessibility to specialized
clinicians, and inconsistency in clinical manifestation
tend to cause the occurrence of late-stage diagnosis, a
higher probability of the transmission, and poor patient
outcomes. Traditional diagnostic procedures are very
reliant on lab-based examinations and specialist inter-
pretation, which is time-consuming, resource-intensive,
and cannot be easily extended [5]. Such constraints
show the possibility of smart software systems that can
aid in early detection and ongoing monitoring in various
healthcare settings.

Recent developments in Al and machine learning
showed encouraging results in the field of predicting
disease and recognizing patterns via the use of clinical,
radiological, and physiological data. Nevertheless, a
large number of solutions available are created as single
models or test models, and there is little consideration
of software engineering concept including modularity,
maintainability, interoperability and system-level relia-
bility [6]. Consequently, it is difficult to transfer these
Al models to the real-life healthcare systems. These
two realms of algorithmic innovation and engineering
end-to-end software systems capable of functioning
reliably in clinical practice, are clearly apart.

Software engineering Heterogeneous data sources,
explainability and trust requirements, and safety-critical
nature are all unique factors in healthcare systems
because of their safety-critical requirements, stringent
regulations, and the need to ensure healthcare systems
are explainable and trustworthy [7, 8]. Not only should
intelligent healthcare software be able to provide ac-
curate predictions, but also provide clear reasoning,
provide data privacy, and fit well with the current
healthcare infrastructure [9]. Within the framework of
chronic mycobacterial lung disease, the requirements
are further increased by the necessity to detect it in an
early stage, monitor its progression of a patient, and
adjust to different clinical conditions.
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This paper plans to deal with these issues by con-
centrating on the architecture of intelligent healthcare
software systems to be specific to identify chronic
mycobacterial lung disease at its early stage. In lieu of
focusing on the performance of algorithm, the proposed
approach will take a software engineering-focused
approach and incorporate the elements of Al in a struc-
tured and scaled architecture. The architecture lays
stress on modularity to facilitate future upgrades, flexi-
bility to support the changing clinical information, and
reliability so that the system can perform consistently in
practical applications.

The suggested system takes advantage of Al-based
intelligence to process heterogeneous healthcare data
as well as integrate such functions into a clear software
structure. This method will help us find out if someone
has a disease on keep an eye on how patients are doing
and make important decisions when we need to. We are
using software engineering practices to make this sys-
tem work. The system will help bridge the gap, between
what we learn from intelligence and what we can actually
use to help people get better. It will also show how well
the system is designed and how smart it can be.

The other reason we are doing this is that people re-
ally need healthcare software that they can trust and un-
derstand. Healthcare software needs to be able to ex-
plain what it is doing. Why so people can rely on it [10].
Black-box Al models are powerful and in most cases not
transient making them unpopular among clinicians and
healthcare stakeholders. Clinical intelligent software sys-
tems should be able to deliver readable results and show
insights that relate to medical reasoning. Explainability
at the system level has a beneficial effect on trust, clinical
validation, and usability as a whole of Al-driven applica-
tions in healthcare.

Moreover, healthcare software systems must be
scalable in order to deal with the health issues on
the population level [11]. One of the diseases where
there are frequent occurrence of chronic mycobacterial
lung disease is in large and geographically distributed
populations and thus systems that can be able to
work efficiently in various healthcare situations are
needed. The software design proposed takes into
consideration scalability and extensibility as the main
requirements and can be used in both resource-rich and
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resource-constrained conditions.

This paper has largely contributed in outlining an elab-
orate software engineering strategy in the development
of intelligent healthcare software systems that has the
ability to detect disease at the initial stages. The work
shows how Al capabilities may be organized into a health-
care software architecture that is more reliable, adapt-
able, and relevant to clinical practices. This study is also
important in advancing software engineering practice in
intelligent healthcare applications as it does not concen-
trate on individual algorithms but emphasizes system-
level design.

1.1 Key Contributions
The main contributions of this work are:

« A multimodal healthcare system integrating imag-
ing and clinical data.

« A hybrid feature fusion approach combining
CNN-based image features with structured clinical
attributes.

« A modular software engineering architecture for
scalable deployment.

* Improved diagnostic performance compared to
baseline models.

The remainder of this paper is organized as follows.
Section Literature Survey reviews related work on
Al-driven healthcare systems and existing approaches
for lung disease detection. Section Process Flow of the
Proposed System presents the proposed intelligent
software system architecture and design principles.
Section results discusses experimental evaluation and
performance analysis. Finally, Section discussion and
conclusion concludes the paper and outlines future
research directions.

2 Literature Survey

Use of artificial intelligence (Al) and smart software
systems in healthcare has witnessed a rapid growth
especially in early disease diagnosis and clinical decision
support. Respiratory diseases, such as chronic my-
cobacterial lung disease, have been a center of interest
because of their prevalence in the world and the fact
that they are vital to diagnose in early stages of their
development. The current literature covers the devel-
opment of algorithmic models, data-driven diagnostic
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methods, explainable Al, privacy preserving learning,
and deployment-focused system architectures. Such
efforts are however usually disjointed with little focus
on overall software engineering practice demanded to
make clinical adoption in practice.

A substantial amount of literature has been devoted
to automated detection of mycobacterial pulmonary
disease by means of the use of chest radiography. Con-
volutional neural networks (CNNs) and hybrid models
have been shown to have good diagnostic results on
publicly available data and are deep learning models.
For example, transfer learning with DenseNet121 has
been clinically validated on over 108,000 chest X-ray
images, achieving an AUC of 94% for detecting pneu-
mothorax and edema [25]. Similarly, optimized deep
learning techniques have been applied to pulmonary
disorder risk analysis using chest X-ray images [27]. Var-
ious studies have been conducted with high sensitivity
and specificity in the detection of pulmonary abnor-
malities related to mycobacterial infections. In spite of
these improvements, systematic reviews also regularly
point to weaknesses associated with bias in the dataset,
absence of external validation, and heterogeneous eval-
uation procedures. Numerous of the suggested models
have strong performance in controlled experimental
conditions but experience difficulties on large-scale
deployment to a wide variety of population and imaging
conditions. This shows a disconnect between algorith-
mic implementation and implementable healthcare
software solutions.

In conjunction with imaging-based, non-imaging
modalities are also researched recently [12, 13] that
include cough sound analysis, wearable sensor data,
and clinical metadata to screen earlier. There has been a
potential of screening techniques based on audio since
they are low cost developmental techniques that are
accessible, especially in low resource areas. Systems
that integrate imaging with physiological and electronic
health records are being put forward as increasingly
important in enhancing the robustness of diagnostic
systems [14]. In parallel, the LungDiag system has
demonstrated superior performance in diagnosing
respiratory diseases by applying natural language pro-
cessing to electronic health records, outperforming both
human experts and ChatGPT-4.0 in real-world validation
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[28]. Nonetheless, this kind of heterogeneity in data
sources creates significant complexity in the system
which needs significant software design to maintain
data synchronization, reliability, and scalability. The
literature shows that most multimodal solutions do not
provide a single software platform that can be used to
handle this kind of complexity in clinical settings.

The explainable artificial intelligence has emerged
as a key need requirement of clinical decision support
systems. Making Al-driven predictions more transparent
to clinicians and regulatory bodies is crucial to achieving
trust, accountability, and safe use of Al-driven predic-
tions, as increasingly required by regulatory bodies and
clinicians. A recent explainable deep-neural-network
scheme for tuberculosis detection from chest radio-
graphs leveraged shallow-CNN architectures with class
activation maps and LIME, achieving a peak AUC of
0.976 while maintaining transparency [29]. Further-
more, a prospective multi-site validation study across
three clinical sites confirmed that Al-based chest X-ray
interpretation for active pulmonary tuberculosis is
non-inferior to radiologists in high-burden settings [30].
Although saliency maps and feature importance scores
as explainability methods are often implemented, a
number of studies indicate that model-level explana-
tions are not satisfactory. The clinical adoption must
be effectively achieved by ensuring that explainability is
integrated into the system level, such as user interfaces,
decision workflows, and uncertainty communication.
The lack of a standardized method to incorporate the
explainability in the healthcare software systems can be
deemed as one of the major restrictions in the current
research.

The intelligent healthcare systems are also defined
by privacy and governance of data. Centralized data
collection can be not very practical due to the strict
regulations and moral limits. It has been suggested that
federated learning and privacy-preserving methods can
be used to facilitate collaborative model training without
exposing raw patient data to an outside party (Feder-
ated learning and similar privacy-preserving methods,
2022). The results of surveys in this area point to the
potential and success but also the issue of unresolved
problems including non-identically distributed data,
communication overhead and the possible leakage of
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information in the process of model updates. Recent
advances in federated learning with differential privacy
have shown that feedforward neural networks and deep
neural networks can maintain high predictive accuracy
while preserving patient data confidentiality across
distributed healthcare sites [31]. Notably, numerous
studies are concerned with algorithmic features of
federated learning whereas the software infrastructure
needed to organize, monitor, and govern healthcare
networks [19] in practice is not addressed.

On the deployment aspect, edge and hybrid edge-
cloud have been considered with focus on real-time
inferences, latency reduction, and data privacy. Edge-
based processing can enhance the responsiveness and
resilience of a system in the context of healthcare where
there are portable diagnostic devices and continuous
monitoring. The existing literature on edge computing in
healthcare suggests a number of different architecture
models but does not offer end-to-end system imple-
mentations. To address this gap, a recent smart clinical
decision support system leveraged multithreading on
edge computing devices (Raspberry Pi nodes) with
lightweight neural networks such as MobileNet and
EfficientNet, achieving 93.59% accuracy for pneumonia
diagnosis and significant inference speedup through
parallel processing [34]. Other important software engi-
neering factors like device management, fault tolerance,
continuous integration, and maintenance of systems
are usually neglected.

The second theme that is repeated in the literature
is the difficulty to maintain Al systems as time goes by.
After deployment, model performance can suffer greatly
due to data drift, shifting clinical practice and changing
population characteristics that can change over time in
an unforeseen way [15] Model performance can also be
undermined by data drift, changes in clinical practice
and evolving population characteristics that can alter
after the deployment in an unpredictable manner [16].
After deployment, the model performance may be de-
graded, and the changing characteristics of populations
may make this particularly true in an unexpected way,
as opposed to changes in clinical practice and data drift
[17]. Research underlines the necessity of constant
monitoring, retraining systems and clinician-in-the-loop
validation. An operational guide to translational clinical
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machine learning in academic medical centers has
defined the responsibilities of data scientists, machine
learning engineers, and health system IT administrators
to facilitate the deployment of Al tools from academia
to bedside use [32]. Moreover, a resilience-aware
MLOps methodology has been proposed to increase
the robustness of Al-based medical diagnostic systems
against adversarial attacks and data drift, incorporating
uncertainty calibration and graceful degradation [33].
Nevertheless, the existing work concentrates towards
these issues conceptually and little practical advice is
provided on how to design lifecycle management into
healthcare software systems.

The implementation of intelligent healthcare soft-
ware is also complicated by ethical, regulatory, as well
as governance issues. Studies emphasize the signifi-
cance of the auditability, fairness, accountability, and
compliance with the medical rules. Such needs intro-
duce further restrictions to software design requiring
transparent logging, access control and traceability.
Although the attention these concerns have received,
they are not always addressed in relation to system
implementation, which leads to the loss of touch be-
tween requirements of ethical guidelines and software
architecture implementation.

In general, the literature shows the significant ad-
vancement of the Al-based detection and screening of
mycobacterial lung disease, but indicates that there
is still a significant discrepancy between the research
prototypes and clinically available systems. The accuracy
of the model as noted in [18] is usually the priority in
most studies along with how well it diagnoses. However
aspects like modularity, scalability and incorporating
features such as explainability, managing privacy and
handling the lifecycle of the software are often con-
sidered less important. This highlights the need for
an approach, to software engineering that seamlessly
integrates smart algorithms into a robust, adaptable
and trustworthy healthcare system.

The current study is about creating healthcare soft-
ware to detect and monitor chronic lung disease caused
by mycobacteria early on. This software works well is
dependable and deals with the issues directly. Existing
methods mainly use images to diagnose the disease
with computer models like ResNet and DenseNet. These

Volume 14, Issue 2, 2026 (April-June)

methods often do not consider the patients overall
health situation. Using transformer models can help
improve results. They need a lot of data and powerful
computers which can be expensive. The software we are
working on focuses, on mycobacterial lung disease and
aims to provide a more practical solution. It considers
both images and clinical context to provide an accurate
diagnosis and monitoring of chronic mycobacterial lung
disease.

In contrast our proposed system brings together both
imaging and clinical data in one framework. This system
is different from ones that mainly focus on how accurate
their models are. We focus on building a system that
works well in healthcare settings, which is a big gap in
current research. Many existing studies do well using im-
age recognition models like ResNet and DenseNet. They
mostly use images only and do not include clinical data.
Models that use Transformers are good, at understand-
ing features. They need a lot of computer power.

The new way of doing things deals with the problems
of the ways by putting together different kinds of data in
a structured software engineering framework. This does
not make the predictions better but also makes the sys-
tem bigger and easier to deploy which is something that
people often forget to think about when they are doing
their research, on the system and the software engineer-
ing framework and the deployment capability of the sys-
tem.

3 Process Flow of the Proposed System

The new healthcare software system is designed to help
doctors find and track a lung disease called chronic my-
cobacterial lung disease. This software system follows
an organized process. It starts by collecting all kinds of in-
formation like pictures from chest x-rays, patient records
and other data from devices that track a persons health
[20].

The next step is to make sure all the information col-
lected is good and accurate. This is an important part of
the project. It involves cleaning up the data to remove
any mistakes making sure everything is, in the format
and checking to see if all the information is complete and
trustworthy. The preprocessing component makes sure
that the heterogeneous inputs go through conversion to
some standardized form that can be subjected to intelli-
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Figure 1. Workflow of the proposed Al-driven healthcare software system for early detection of chronic mycobacterial lung
disease.

gent analysis [21].

The resulting processed data is then sent to the Al-
based intelligence layer, which does feature extraction,
pattern recognition, and prediction of the risk of the dis-
ease. This layer combines machine learning and deep
learning models that work to detect early signs of dis-
eases. This layer has a modular design that enables up-
dates and scalability to be made easily and without any
impact to the system architecture.

The system also has an explainability module to
improve transparency and clinical trust by interpreting
model predictions to produce human-understandable
insights. The module gives confidence score and ex-
planatory indicators that assist clinicians to interpret
and validate system output.

According to the results that have been analyzed,
the decision support layer produces actionable insights,
alerts, and recommendations to clinicians. The outputs
enable the healthcare professionals to diagnose, moni-

tor early and plan treatment in a secure and easy-to-use
interface.

Lastly, a feedback and learning loop is used to contin-
uously capture clinician feedback, patient outcomes and
new data. This data is utilized to track the performance
of the system and improve models that allow the adap-
tive learning and long-term reliability of the healthcare
software system.

4 System Architecture

The proposed intelligent healthcare software system is
designed using a layered and modular architecture to
support early detection of chronic mycobacterial lung
disease. The architecture [22] integrates heterogeneous
data sources, intelligent analytics, and decision sup-
port components within a scalable and maintainable
software framework. Figure 1 illustrates the overall
workflow, while this section formally describes the
architectural components and their interactions.
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4.1 Dataset Description

The dataset consists of 5,200 samples, including chest X-
ray images and associated clinical attributes such as age,
gender, symptoms, and laboratory results. The data was
collected from publicly available sources, including the
Shenzhen and Montgomery datasets.

Images were resized to 224 x 224 and normalized.
Clinical features were standardized using z-score normal-
ization. Missing values were handled using mean impu-
tation.

The dataset was divided into training (70%), validation
(15%), and testing (15%) sets using stratified sampling.

4.2 Method Description
Data Acquisition: Medical images and clinical attributes
are collected from publicly available datasets.
Preprocessing: Includes normalization, resizing, and
noise removal to ensure data consistency.
Feature Extraction: CNN is used for extracting im-
age features, while dense layers process clinical data.
Feature Fusion: Combines image and clinical
features to improve predictive performance.
Classification: A sigmoid-based output layer pre-
dicts disease presence.

4.3 Data Acquisition Layer
Let the raw medical data collected from multiple sources
be represented as:

D= {Djmg: Dehr: D/Gb' Dsym} (‘I )

where Djp,g denotes chest X-ray images, Dy, represents
electronic health records, D, corresponds to laboratory
test results, and Dsym captures clinical symptoms and de-
mographic attributes.

This layer is responsible for secure ingestion, format
validation, and storage of heterogeneous healthcare
data.

4.4 Data Processing Layer

The preprocessing layer [23] transforms raw data into a
standardized and analyzable form. A preprocessing func-
tion fp(-) is applied as:

where Dy denotes the preprocessed dataset after noise
removal, normalization, missing value handling, and con-
sistency checks.
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Feature extraction is performed using a mapping
function fe(-):
X = fe(Dp) 3)

where X € R™™ represents the feature matrix with n
samples and m extracted features.

4.5 Intelligence Layer

The intelligence layer constitutes the core analytical en-
gine of the system. The dataset X is partitioned into train-
ing, validation, and testing sets:

X = Xrgin U Xygr U Xtest (4)

A predictive model M(-; 8) with parameters 0 is trained
using supervised learning:

y = M(x; 0) 5)

where x € X¢4jn and y denotes the predicted disease la-
bel or risk score.

The model parameters are optimized by minimizing
a loss function L:

N
6* = arg mein > Ly (6)
i=1
where y; is the ground truth label and N is the number of
training samples.

4.6 Decision Support Layer

The decision support layer translates model predictions
into clinically actionable outputs. The disease risk score
Ris computed as:

R=Py=1]x) 7

where R € [0, 1] represents the probability of disease
presence.

Based on a predefined threshold r, the final decision
is derived as:

- Positive, R>r7
Decision = (8)
Negative, R<rT

This layer provides early detection alerts, risk stratifi-
cation, and decision explanations through a secure clini-
cal interface.
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4.7 Feedback and Learning Layer
To support continuous improvement, the system incor-
porates a feedback loop that captures clinician feedback
and updated patient outcomes. Let F denote feedback
data; model refinement is achieved through:

Or41 = 0 + AB(F) 9)

This adaptive learning mechanism ensures robust-
ness against data drift and evolving clinical patterns.

4.8 Architectural Advantages

The proposed architecture is also modular, scalable and
maintainable as it decouples data management, intelli-
gence and decision logic. The system includes mathemat-
ical rigor to a system design to integrate Al-based disease
detection models with deployable healthcare software
solutions.

5 Methodology

5.1 System Workflow Description

The system we are talking about does things in an order
from getting the data to making a final prediction. First
we get the data which includes pictures of chest X-rays
and information about the patients from datasets that
anyone can use.

When we prepare the data we make all the pictures
the same size, which is 224 by 224 and we make sure they
are all normalized and look as good as they can so we can
see everything clearly. We also clean up the information
about the patients make sure it is all normalized and fill
in any information with the average value.

We use a kind of computer program called a convolu-
tional neural network to look at the pictures and a sim-
ple computer program to look at the patient information.
Then we combine what we find in the pictures and the
patient information into one thing.

We take this information and use it to make a predic-
tion, about whether or not someone has a disease. The
answer is. Yes or no. We also get a score that tells us how
likely it is that the person has the disease.

5.2 Model Architecture

The proposed model uses a hybrid architecture combin-
ing convolutional neural networks for image analysis and
fully connected layers for clinical data.
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Image features are extracted as:

Fimg = CNN(Ximg) (10)
Clinical features are processed as:
Fejin = Dense(X i) 1)
The features are fused as:
Ffusion = [Fimg © Fjin] (12)
Final prediction is:
¥ = oW - Fsjon + b) (13)

5.3 Feature Integration Strategy

The system we are talking about follows a process from
getting the data to making a final prediction. First we col-
lect data like chest X-ray images and other clinical infor-
mation from the patients. The system uses a combina-
tion of both imaging and clinical features. This means it
looks at the pictures to find any problems and also looks
at the clinical data to get more information.

This way of combining the data makes the prediction
more accurate and reliable compared to using one type
of data. The system is better, at predicting because it
uses both the X-ray images and the clinical attributes.

6 Algorithm for Disease Detection

7 Results

This part reviews how the proposed intelligent health-
care software system is effective in helping early chronic
mycobacterial lung disease. This testing is based on the
diagnostic test performance, system stability, and practi-
cality to be used in real world healthcare, both analytic ac-
curacy and software reliability. The evaluation was con-
ducted on a dataset of 5,200 samples consisting of imag-
ing and clinical data.

7.1 Experimental Configuration

A composite healthcare dataset that consisted of medical
imaging data, structured clinical records, laboratory indi-
cators, and symptom related attribute was used in con-
ducting experiments. To provide fair performance eval-
uation and avoid the leakage of information, the dataset
was divided into training, verification and testing subsets.
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Algorithm 1. Intelligent detection of chronic mycobacterial
lung disease

1. Load chest X-ray image set Z and clinical data set C
from data sources.

2. Preprocess Z: resize to 224 x 224, normalize pixel
values to [0, 1].

3. Preprocess C: impute missing values with mean, ap-
ply z-score normalization.

4. Extract image feature vector f,-mg = CNN(Z; Ocnn).

5. Extract clinical feature vector fg, =
Dense(C; 0 yense)-

6. Fuse features: fs5i0n = [fimg © fin-

7. Compute disease probability R = a(WTfﬁ,S,AO,7 +b),
where ¢ is the sigmoid function.

8. If R > 7 then set y = 1 (positive), else sety = 0
(negative).

9. Return y and R to the decision support layer.

Validation feedback was used to tune the model param-
eters and all results were reported only on the indepen-
dent test set.

The experimental workflow followed the proposed
system architecture and Algorithm 1, ensuring consis-
tency between system design and evaluation.

7.2 Performance Measures
The widely accepted classification measures such as
accuracy, precision, recall, F1-score and receiver op-
erating characteristic analysis were used to measure
system performance. These measures are all measures
of accuracy, sensitivity to disease-positive instances, and
general false positives and false negatives. Figure 2
presents the confusion matrix of the proposed system.
Let TP, TN, FP, and FN represent true positives,
true negatives, false positives, and false negatives,
respectively. The evaluation metrics are computed as:

TP+ TN

Accuracy = TPr TN+ FP T EN (14)
TP
Precision = 5+ P (15)
TP

Recall = (16)

TP+ FN

Volume 14, Issue 2, 2026 (April-June)

B 27P

T 2TP+FP+FN
These measures provide complementary perspec-

tives on diagnostic reliability and clinical relevance.

F1 (17)

7.3 Detection Performance Analysis

The offered system can be characterized by a high
level of detection in all metrics of evaluation. Specifi-
cally, the recall values suggest successful detection of
disease-positive cases that is critical in timely interven-
tion and risk reduction. The accuracy of the results is
very high, which implies that the system does not have
too many false alarms and facilitates reliable clinical
decision-making.

The balanced F1-score will be used to measure the ca-
pacity of the system to be stable when there is class im-
balance a typical feature of medical data. The receiver op-
erating characteristic analysis also supports a steady and
consistent discrimination of diseased positive cases and
diseased negative cases with a varying decision thresh-
old. Figure 3 shows the ROC curve of the proposed sys-
tem.

7.4 System Stability and Generalization
Similarity of performance between the validation and
the testing stage shows that the proposed software
system is generalizable to unknown data. The lack of
severe performance decrease proves the fact that the
preprocessing pipeline, feature extraction strategy, and
learning configuration all decrease overfitting. The
stability especially pertains to the healthcare software
systems that are supposed to be running in different
clinical environments. The training and validation
accuracy trends are illustrated in Figure 4.

7.5 Comparison with Baseline Approaches
The proposed approach was compared with the conven-
tional machine learning baselines applied on the same
data partitions to place the effectiveness of systems in
perspective. The smart software system was found to
be better in all the metrics considered. This can be seen
in the integrated architecture, systematic data manage-
ment and systematic optimization that are found as part
of the software architecture [24]. Figure 5 provides a
comparative performance analysis.
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Figure 2. Confusion matrix illustrating classification performance of the proposed system for chronic mycobacterial lung disease
detection.

7.6 Interpretation of Results

The experimental results show that the improvement in
performance does not only occur due to the model selec-
tion, but rather the joint efforts of the data processing, in-
telligence and decision support layers. The findings con-
firm the significance of a software engineering approach
to the creation of Al-based healthcare solutions, espe-
cially in the field of safety-related diagnostic processes.

In general, these results indicate that the proposed
system can offer precise, consistent, and clinically signif-
icant predictions, which is why it can be used to identify
chronic mycobacterial lung disease at an early stage in
realistic healthcare settings. Table 1 displays a compara-
tive analysis of the suggested system with the state of the
art machine learning and deep learning models. The pro-
posed intelligent healthcare software system is the best
performerin all measures and it proves the effectiveness
of incorporating organized preprocessing, modular intel-
ligence, and streamlined decision support into a single
software implementation.

The improved performance is attributed to multi-
modal feature fusion. Unlike baseline models such
as SVM and RF, which rely on limited features, the
proposed system integrates both imaging and clinical
data. The high recall (95.8%) indicates strong sensitivity
in detecting disease-positive cases, while the AUC of
0.97 demonstrates effective class separation.

Table 1. Performance comparison of the proposed system
with baseline models

Model Acc. Prec. Rec. F1 AUC
SVM 86.4 84,9 85.6 85.2 0.88
RF 88.1 87.3 86.8 87.0 0.90
CNN 91.6 90.8 92.1 91.4 0.93
CNN-ML 93.2 92,5 93.8 93.1 0.95
Proposed 95.1 94.6 95.8 95.2 0.97

8 Discussion and Conclusions

This work proposed a smart healthcare software system
of early diagnosis of chronic mycobacterial lung disease
with focus on the system-level integration and software
engineering concepts. The suggested framework is
one that integrates heterogeneous data processing,
intelligent analytics, and decision support in a modular
framework.

Experimental analysis showed high diagnostic accu-
racy with an accuracy rate of 95.1% at a precision rate of
94.6% and arecall rate of 95.8% with an F1-score 0f 95.2%
and an AUC of 0.97. The high recall is evidence of good
early detection of disease-positive cases and the values
of the precision can be used to verify that there is control
over the false-positive rates. Compared with baseline
models, consistent improvement was also noted, which
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Figure 3. Receiver operating characteristic (ROC) curve of the
proposed intelligent healthcare software system.

demonstrates the effect of structured software designin
addition to model selection.

In terms of software engineering, the modular
architecture is scalable and stable generalization of
unseen data. Despite the use of retrospective datasets
to assess the evaluation, the findings indicate that the
evaluation has a good chance of being applied in the
real world. The next step will involve clinical validation,
privacy-preserving learning, and edge-cloud integration
to make the system more adaptable.

In general, the results prove that a software
engineering-based solution can enhance the depend-
ability and scalability of Al-assisted healthcare systems
to identify early diseases considerably.

8.1 Limitations
The study has certain limitations. The dataset includes
publicly available data, which may introduce bias due to
differences in imaging conditions. The model has not yet
been validated in real-time clinical settings. Additionally,
computational complexity may limit deployment in low-
resource environments.

Future work will focus on clinical validation, dataset
expansion, and optimization for real-time deployment.

Volume 14, Issue 2, 2026 (April-June)

Figure 4. Training and validation accuracy trends illustrating
stable convergence of the proposed system.
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Figure 5. Comparative performance analysis of the proposed
system against baseline machine learning models.
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