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Abstract

Asthma management requires continuous monitoring of both physiological conditions and environmental triggers to prevent
exacerbations and improve patient outcomes. Conventional inhalers, however, lack real-time monitoring and predictive
capabilities, limiting their effectiveness in proactive healthcare. This study presents the design and implementation of a Smart
Asthma Inhaler system that integrates sensor-based data acquisition, cloud computing, and machine learning (ML) for real-time
monitoring and predictive risk assessment. The proposed system captures key parameters, including oxygen saturation (SpO»),
air quality index (AQI), temperature, humidity, and inhaler usage frequency. A Multiple Linear Regression model was employed
to analyze the variables and generate predicted asthma risk scores, which were further categorized into risk levels for actionable
feedback. Experimental evaluation was conducted using a pilot dataset collected from 20 asthma patients under varying
environmental conditions. The system achieved an inhaler detection accuracy of 97.5%, with average data synchronization and
prediction times of 2.3 and 2.7 seconds, respectively. The predictive model demonstrated strong performance with a coefficient
of determination (R?) of approximately 0.986, indicating high predictive accuracy. Non-functional evaluation further revealed
high usability (4.5/5), scalability (handling up to 20 concurrent users), and reliability (94% uptime). The results demonstrate that
the proposed system is efficient, accurate, and suitable for real-time asthma monitoring and prediction. The potential of
integrating Internet of Things (IoT) and machine learning to enhance proactive healthcare and improve asthma management was
highlighted.
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1. Introduction

Asthma is a chronic respiratory disease characterized by
airway inflammation and variable airflow obstruction, affect-
ing millions of individuals worldwide and posing a significant
public health challenge. Effective management of asthma re-
quires continuous monitoring [1, 2] of both physiological con-
ditions and environmental triggers such as air quality, temper-
ature, and humidity [3]. However, conventional inhalers pri-
marily function as drug delivery devices and lack the capabil-
ity to provide real-time feedback or predictive insights,
thereby limiting their effectiveness in proactive disease man-
agement. Recent advancements in the [oT and machine learn-
ing have enabled the development of intelligent healthcare
systems capable of real-time data acquisition, remote moni-
toring, and predictive analytics. IoT-based solutions allow for
the integration of sensors that capture critical health and envi-
ronmental parameters [4, 5], while machine learning models
can analyze these data to identify patterns and predict poten-
tial health risks. Despite these developments, many existing
asthma monitoring systems focus mainly on tracking inhaler
usage or environmental conditions independently, without
leveraging integrated predictive models for risk assessment.
Smart inhalers address several pain points in asthma manage-
ment, which include dependency on memory and manual log-
ging, which are common sources of inaccuracy, provision of
data transparency and building trust between patients and cli-
nicians, and integration with machine learning algorithms for
predictive modelling of exacerbation risk, paving the way for
preventive rather than reactive healthcare strategies [6].

The application of Internet of Things (IoT) technologies has
significantly transformed healthcare by enabling continuous pa-
tient monitoring through interconnected sensors, smart medical
devices, and cloud-based platforms [4, 5]. These technologies
facilitate the real-time acquisition, transmission, and analysis of
physiological and environmental data, thereby supporting
timely clinical interventions and improving healthcare delivery.
Furthermore, studies have consistently demonstrated that envi-
ronmental factors such as poor air quality, temperature fluctua-
tions, and humidity significantly influence asthma severity and
exacerbation frequency [3, 6]. A recent systematic review and
meta-analysis demonstrated that patient-facing digital inhalers
significantly improve medication adherence, asthma control,
and overall patient outcomes when compared with traditional
inhalers [7]. In asthma management, the integration of IoT with
remote monitoring systems has further enhanced disease sur-
veillance by enabling continuous patient observation outside
conventional clinical settings [8]. Smart inhalers have emerged
as an important advancement in respiratory healthcare by im-
proving medication adherence and providing objective records
of inhaler usage. Unlike conventional inhalers, digital inhalers
automatically capture inhalation events and synchronize patient
information with cloud-based platforms for remote monitoring
and clinical review. Despite these advances, most existing smart
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inhaler systems primarily focus on monitoring medication com-
pliance and providing usage reminders, with limited support for
predictive assessment of asthma exacerbation risk. Recent de-
velopments in wearable sensing technologies have further
strengthened asthma management by enabling continuous mon-
itoring of physiological and environmental parameters associ-
ated with disease progression. Wearable devices capable of
measuring oxygen saturation (SpO), respiratory activity, tem-
perature, humidity, and air quality provide valuable information
for identifying changes in a patient's respiratory condition. Re-
cent reviews have highlighted the growing adoption of weara-
ble sensing technologies for personalized asthma monitoring,
remote healthcare, and continuous disease management [8, 9].
Machine learning techniques have become increasingly im-
portant for analyzing complex relationships among physiologi-
cal, behavioral, and environmental variables associated with
asthma. Recent systematic reviews have shown that regression
models, decision trees, support vector machines, random forests,
ensemble learning, and deep learning algorithms have demon-
strated promising performance in predicting asthma exacerba-
tion and supporting personalized clinical decision-making [10,
11, 13]. Although these advanced predictive models often
achieve high accuracy, many rely on retrospective clinical da-
tasets or require substantial computational resources, limiting
their applicability for real-time deployment on lightweight IoT-
enabled healthcare devices. In contrast, regression-based mod-
els remain computationally efficient, interpretable, and suitable
for embedded healthcare systems, making them appropriate for
continuous risk prediction in resource-constrained environ-
ments [12]. Although considerable progress has been made in
smart inhalers, wearable sensing, loT-enabled healthcare, and
machine learning, most existing systems address these compo-
nents independently. Smart inhalers primarily focus on medica-
tion adherence, wearable devices emphasize physiological
monitoring, while many predictive models operate without di-
rect integration with real-time sensor acquisition and cloud-
based decision support. Consequently, there remains a need for
an integrated framework capable of simultaneously monitoring
physiological parameters, environmental conditions, inhaler us-
age, and predictive asthma risk. The proposed Smart Asthma
Inhaler addresses this research gap by integrating sensor-ena-
bled inhaler tracking, wearable physiological sensing, environ-
mental monitoring, cloud computing, and a Multiple Linear Re-
gression (MLR) model within a unified real-time decision-sup-
port framework. By combining continuous monitoring with
predictive analytics and user-centred feedback, the proposed
system advances beyond existing approaches that emphasize ei-
ther monitoring or medication adherence in isolation.

2. Methodology

The architectural design of the proposed smart asthma inhaler
is shown in Figure 1. The key components include the Machine
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Learning (ML) engine, mobile application, Smart Inhaler Device

Sensor: Date and Time of Use

Number of Actuations

Ambient Environmental Conditions
Inhalation Angle or Force

’0

Smart Inhaler Device

(SID), cloud storage/database, and the user interface.

Central Repository
Enables Scalability

>

Mobile Application

Output

Machine Learning
Engine (Weka): Data Preprocessing
Model Training
Prediction

Cloud Storage / Database

User Interface
(Clinical Dashboard)

Figure 1. Basic Architecture of a Smart Inhaler System.

The data-set was chosen for its relevance, completeness,
and suitability for ML modelling in respiratory health. Data
preprocessing ensures quality and consistency before model-
ling via handling missing values (removal or imputation) and
normalization to scale features into comparable ranges, based
on the formula:

¢ — —X*min

x' =
Xmax~Xmin

6]

x is the original feature (raw data value) before normaliza-
tion, Xmin 1S the minimum value of the feature in the data-set,
Xmax 1S the maximum value of the feature in the dataset, and
XI
mation. This is followed by standardization for normally dis-
tributed features towards improving the training stability and
model convergence by using the formula:

is the normalized (scaled) feature value after transfor-

2

a is the original data point (raw feature value), pu (mu) is
the mean (average) of the feature values across the dataset,
and o (sigma) is the standard deviation of the feature values
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across the dataset. Consequently, the feature selection opera-
tion is performed with a view to identifying the most relevant
predictors, reducing redundancy, and improving model inter-
pretability. The operation uses filter methods (correlation
analysis) and wrapper methods (stepwise regression) to select
the inhaler actuation frequency, adherence rate, and air quality
indices, which are strongly associated with asthma risk. The
linear model is mathematically described as follows:

y = Bo + Xii=1y Bixi + € 3)

Y is the target variable (e.g., asthma attack risk score), x;
is the i feature (e.g., AQI, temperature), B; is the coefficient
of the i feature, B, is the intercept and € (epsilon) is the error
term (assumed to be normally distributed).

The SID is a Salbutamol Smart Inhaler containing 200 ac-
tuations or puffs. Each actuation of 108 mg albuterol sulphate
has a built-in sensor that allows a patient to track their inhaler
events. It serves as the primary hardware component of the
system, and it is an advanced variant of traditional metered-
dose or dry powder inhalers, augmented with digital technol-
ogies to enhance treatment adherence, real-time monitoring,
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and data collection. It also bridges the gap between pharma-
cological treatment and digital health interventions, offering
both patients and healthcare providers better insights into
medication usage and asthma control. At the core of the smart
inhaler are miniature embedded sensors that detect and record
key usage parameters, including date and time of inhalation,
number of doses dispensed, patient inhalation flow rate and
duration, inhalation angle and force (in some models), and en-
vironmental conditions (e.g., humidity, temperature, presence
of allergens or pollutants, depending on the model). The SID
also has the Flow Sensor that detects the rate and pattern of
airflow during inhalation and measures the change in pressure
or velocity using a differential pressure sensor or turbine-
based mechanism. There is also the Pressure Sensor that de-
tects the activation of the inhaler (i.e., when a dose is released)

and the pressure spike, time-stamping the event as a valid dose.

While the SID Accelerometer (3-Axis) monitors the inhaler
orientation and motion, the Ambient Temperature Sensor
measures the temperature of the environment where the in-
haler is used, the Humidity Sensor detects the level of mois-
ture in the surrounding air, the Particulate Matter (PM) Sensor
(Advanced models) measures the concentration of airborne
particles like dust, smoke, and allergens and the Proximity
Sensor confirms whether the inhaler is near the user's mouth
or in use. A lightweight micro-controller (MPS), shown in
Figure 2, was used to process sensor inputs in real time. It per-
forms preliminary data formatting, event logging, and com-
munication handling. The MPS is responsible for managing
power usage and ensuring the device remains operational for
extended periods with minimal charging or battery changes. It
also serves as the central processing component of the smart
inhaler device, coordinating data collection, preprocessing,
and communication with external systems. The MPS also fa-
cilitates wireless data transmission to mobile apps or cloud
platforms via Bluetooth Low Energy (BLE) for short-range
communication and Wi-Fi Modules (e.g., ESP8266) for
longer-range and direct cloud upload.

Figure 2. A Microcontroller in a Smart Inhaler.

The User Interface was used to provide immediate feedback
on correct usage, dose confirmation, or connectivity status,
helping reduce errors and promote consistent use among pa-
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tients, especially children and the elderly. The mobile appli-
cation was designed to act as a data relay point to cloud servers
where further analytics, including ML predictions and anom-
aly detection, are performed. The mobile app was used as an
on-device platform for lightweight ML inferencing on pre-
dicted risk of exacerbation, medication adherence scores, and
personalized reminders or recommendations. The user data
was anonymized and protected in compliance with health data
protection frameworks or national data privacy laws. The mo-
bile application implemented end-to-end encryption during
Bluetooth pairing and cloud transmission, while access was
controlled through multi-factor authentication or biometric
methods (fingerprint, facial recognition) for sensitive features.

Performance evaluation of the model was based on Mean
Squared Error (MSE), Mean Absolute Error (MAE), and Co-
efficient of Determination (CoD). MSE measures the average
squared difference between actual values and predicted values,
and it is derived from:

MSE= — ZI (y() — 9(1))? @)

m is the Total number of data points (samples), y(i) is the
actual/true value of the dependent variable for the i observa-
tion, $(i) is the predicted value produced by the model for the
i observation, (y(i) — $(i))? is the squared error (difference)
for the i prediction. Y12, is the summation across all m

data points and i is the averaging of the total squared error

over all observations. MAE measures the average absolute de-
viation between predicted and actual values, which is less sen-
sitive to outliers compared to MSE. It is based on the formula:

1 . A
MAE= 252, [y(@) - 90) | 5)
m is the total number of data samples (observations), y(i) is
the actual (true) value of the target variable for the i data
point, $(i) is the predicted value from the ML model for the
i data point, | y(i) - §(i) | is the absolute error for the i pre-

m
i=1

diction (difference between actual and predicted, i
is the averaging process across all data points, ensuring the
metric reflects overall model performance.

Coefficient of Determination (CoD), also known as R?, pre-
sents the proportion of variance in the dependent variable that

is predictable from the model, and it is derived from the formula:

SSres

R2
SStot

(6)

R?2 is the coefficient of determination (it measures how well
the regression model explains the variance in the dependent
variable, and it ranges from 0 to 1), SSres is the residual sum
of squares, which represents the unexplained variance (errors)
between actual and predicted values, and SStot is the total sum
of squares, which represents the total variance in the dataset
relative to the mean. R? = 1 means a perfect fit, R? = 0 means
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no improvement over the mean. These provided insights into
prediction accuracy, reliability, and explanatory power.

3. Experimental Study

The trained model was deployed into the Smart Asthma In-
haler ecosystem, which consists of a mobile application for pa-
tient reminders and risk alerts, a clinician dashboard for moni-
toring adherence and trends, cloud storage and processing unit
enabling data ingestion, processing, and scalability, and digital
health platform integration for interoperability and health rec-
ord sharing. A feedback loop was continuously updating the
model with new inhaler usage and environmental data, ensuring
adaptability and long-term performance. React for web dash-
board (clinician interface) served as the frontend and the cross-
platform mobile apps (Android + i0OS) because of its strong eco-
system, reusable components, as well as lots of health/IoT UI
templates. PHP served as the backend that was used to handle
business logic and server-side processing, while database man-
agement was premised on using phpMyAdmin.

The proposed Smart Asthma Inhaler system was imple-
mented using an ESP32 micro-controller integrated with a
MAX30102 pulse oximeter, MQ135 air quality sensor,
DHT22 temperature and humidity sensor, and SW-420 vibra-
tion sensor for inhaler actuation detection. The sensing unit
continuously acquired physiological and environmental pa-
rameters, which were transmitted via Wi-Fi to a cloud-based
server for storage and analysis. A web-based dashboard was
developed using React.js, which provided real-time visualiza-
tion of patient information.

3.1. Data Collection

The experimental data were collected with certified author-
ity from 20 randomly selected asthma patients under varying
environmental conditions at the State Specialist Hospital,
Akure, Ondo State, Nigeria. Each patient interacted with the
system in real-life scenarios, allowing the capture of diverse
data. The recorded parameters, shown in Table 1, include Age,
gender, location, SpO,, AQI, Temperature and, humidity, and
Inhaler usage frequency and adherence.

Table 1. Patient Records Dataset.

SN D awe e TS SO ertie e il Pk
1 P01 12 F Urban 96 1 30 75 120 0.32 Moderate
2 P02 25 M Urban 94 3 32 80 160  0.71 High
3 P03 34 F Rural 98 0 28 65 70 0.18 Low
4 P04 45 M Semi-Urban 92 4 31 82 175 0.83 High
5 P05 29 F Urban 95 2 33 78 140 0.59 Moderate
6 P06 51 M Rural 97 1 29 60 85 0.28 Low
7 P07 17 F Urban 99 3 34 85 190  0.77 High
8 P08 60 M Semi-Urban 91 5 35 88 210 091 High
9 P09 22 F Rural 99 0 27 55 60 0.12 Low
10 P10 38 M Urban 95 2 31 72 130 0.48 Moderate
11 P11 14 M Urban 94 2 32 79 150  0.63 Moderate
12 P12 47 F Rural 96 1 28 64 90 0.29 Low
13 P13 55 M Urban 90 4 36 90 220 0.94 High
14 P14 31 F Semi-Urban 97 1 30 68 110  0.34 Moderate
15 P15 26 M Urban 93 3 33 82 170 0.74 High
16 P16 19 F Urban 95 2 31 76 135 0.52 Moderate
17 P17 42 M Rural 98 1 27 58 75 0.22 Low
18 P18 63 F Urban 89 5 37 92 230 097 High
19 P19 33 M Semi-Urban 94 3 32 80 155  0.68 High
20 P20 24 F Rural 99 0 26 54 65 0.1 Low
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The Multiple Linear Regression (MLR) model was imple-
mented using the Weka ML environment and deployed within
the back-end to generate continuous asthma risk scores from
inhaler usage frequency, AQI, temperature, humidity, and pe-
ripheral SpO, [13, 14]. The predicted scores were subse-
quently classified into Low, Moderate, and High asthma risk
categories for clinical interpretation. Table 2 presents the
Functional Performance Evaluation.

Table 2. Functional Performance Evaluation.

Performance Metric Result
Inhaler Detection Accuracy 97.5%
Data Synchronization Time 23s
Prediction Time 2.7s
System Reliability 92%
Battery Longevity 14h

The experimental results indicate that the developed system
accurately detects inhaler usage while maintaining low com-
munication latency suitable for real-time monitoring. The av-
erage synchronization time of 2.3s and prediction time of 2.7s
established that the proposed framework satisfies the require-
ments for continuous asthma monitoring. The predictive per-
formance of the MLR model was evaluated using the R2, MAE,
and Root Mean Square Error (RMSE)- Figure 3 shows the
hardware components of the smart inhaler system, while Fig-
ures 4, 5, 6, 7, and 8 show the Patient, Clinician, Patient, Re-
port Generation, Reminder/Notification, and Patient Dash-
board Interfaces, respectively. Table 3 presents the Regression

(a) (b)

Performance as derived. The predictive performance of the
proposed Multiple Linear Regression model was evaluated us-
ing the pilot dataset of 20 patient records collected during sys-
tem development. Owing to the limited sample size, the model
was trained and evaluated on the same dataset, and no inde-
pendent train/test split or cross-validation was performed.
Model performance was assessed by comparing the predicted
asthma risk scores with the corresponding observed risk
scores using the coefficient of determination (R?), Root Mean
Square Error (RMSE), and Mean Absolute Error (MAE). Alt-
hough these metrics provide an initial indication of model per-
formance, the results should be interpreted as preliminary. Fu-
ture studies will employ larger datasets and independent vali-
dation strategies, such as k-fold cross-validation, to improve
the generalizability of the predictive model.

Table 3. Regression Performance.

Metric Value
R? 0.986
RMSE 0.030
MAE 0.024

The regression model achieved an R? value of 0.986, indi-
cating that approximately 98.6% of the variation in asthma
risk was explained by the selected physiological and environ-
mental variables. The low RMSE (0.03) and MAE (0.024) fur-
ther confirm a high predictive accuracy of the proposed model.
Table 4 presents the Hardware Components, Function, and
Use.

(d)

(e)

Figure 3. The types of sensor devices applied in the development of a smart inhaler (a) DHT22 Sensor (b) ESP32 DevKit V1 (c) MAX30102
Pulse Oximeter Sensor (d) MQ- 135 Gas Sensor (e) SW-420 Vibration Sensor.
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Figure 4. Patient Login Interface.
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Figure 5. Clinician Login Interface.
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Figure 6. Clinician Report Generation Interface of the Smart Inhaler System.
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Figure 8. Clinician and Patient Dashboard of the Smart Inhaler System.
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Table 4. Table showing Hardware Components, Function and Use.

Hardware Component Function

MAX30102 Sensor
DHT22 Sensor

MQ-135 / PMS5003 Detects air pollutants

Vibration Sensor Detects inhaler actuation

Microcontroller (ESP32)

Overall, the results demonstrate that integrating [oT sensing
technologies with Multiple Linear Regression provides an ef-
fective framework for intelligent asthma monitoring. Com-
pared with conventional inhalers that primarily record medi-
cation usage, the proposed system combines physiological
monitoring, environmental sensing, and predictive analytics to
support early intervention and improve clinical decision-mak-
ing.

SMART ASTHMA INHALER
SYSTEM EVALUATION FORM

User Feedback for Performance Assessment

Measures blood oxygen saturation

Measures environmental conditions

Central processing and communication

Dataset Variable Captured

SpO2 (%)

Temperature (°C), Humidity (%)
AQI/ Air quality level

Usage event (Yes/No, Frequency)

Processed data, Wi-Fi transmission

3.2. System Evaluation

A structured Google Forms questionnaire based on a 5-
point Likert scale, shown in Figure 9, was used to evaluate the
non-functional performance of the system. The forms cap-
tured participant demographic information and system evalu-
ation ratings across six parameters, namely speed, usability,
scalability, reliability, security, and maintainability.

ASthma Risk
Moderate

—
L
<

(3D

052

C A

Smart Asthma Inhaler System User Evaluation Form

This questionnaire is designed to evaluate the performance and usability of the Smart Asthma Inhaler

system developed for asthma monitoring and predictive risk assessment.

Your responses will be used strictly for academic research purposes

* Indicates required question

SECTION 1: PARTICIPANT INFORMATION

1. Participant ID *

3. Gender *
Male

Female

SECTION 2: SYSTEM EVALUATION

2. Age *

4. Location *

Urban

Rural

Please rate the following system features based on your experience using the Smart Asthma Inhaler system

Rating Scale: 1 =VeryPoor 2 =Poor 3=Average 4:=Good 5=Excellent
5. How would you rate the response speed of the 1 2 3 4 5
system during data upload and prediction?
Very Poor Excellent
6. How easy was it to learn and use the Smart 1 2 3 “ 5
Asthma Inhaler application interface?
Very Poor Excellent
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7. How well did the system perform during 1 2 3 4 5
multiple simultaneous operations?

Very Poor Excellent
8. How reliable was the system during 1 2 3 4 5
continuous monitoring and inhaler logging?

Very Poor Excellent
9. How confident are you in the security and 1 2 3 4 5
privacy of your health information?

Very Poor Excellent
10. How easy was it to troubleshoot or maintain 1 2 3 4 5
the system when needed?

Very Poor Excellent

SECTION 3: GENERAL FEEDBACK

11. What feature of the system did you find most useful? *

12. What improvements would you recommend? *

er submit pa
Google Forms

Figure 9. Smart Asthma Inhaler System User Evaluation Form.

1) Functional Testing evaluation metrics derived from the Multiple Linear Regres-
Functional evaluation focused on inhaler detection accu- sion model: Documenting the experimental procedure, ob-
racy, data synchronization time, prediction time, system reli- served data, and mathematical derivation for each parameter
ability, and battery longevity. These tests were conducted to in an Excel sheet to ensure transparency and reproduction vi-
verify that the Smart Asthma Inhaler system performed its in- ability. Each parameter includes the experiment performed,
tended functions correctly under real-time operating condi- observed raw data, adopted formula, calculation, final value,

tions. Prediction performance was further validated using ML and the performance justification, as shown in Table 5.

Table 5. Functional Test Derivation.

Parameter Ex;.) er.lment De- Observed Data Formula Used Calculation Final Iterformance Explana-
scription Value tion (%)
Accuracy
Inhaler 20 users tested 19 successful (Successful Total) Compared tareet against
Detection inhaler actuation detections out of x 100 (19/20) x 100 97.5% 95% P getag
Accuracy logging 20 = ’
/
Data Syn- . . . s
. Multiple upload trials Average = Sum of times/num- Within <5 sec target —
chroni-zation Average =ZXt/n . 2.3 sec
. measured 2.3 seconds ber of trials 100%
Time
Model Predic- Prediction latency Average = Sum of prediction Close to < 3 sec target —
. . A =3 . . 2.
tion Time recorded per request 2.7 seconds verage =Xt/n times/trials 7sec 95%
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Parameter Exl.)er.lment De- Observed Data Formula Used Calculation Final lferformance Explana-
scription Value tion (%)
Reliability (Suc-
. . . 18 out of 20 us-  cessful Total) x . 0 .
Sy§tem Relia- Cont'muous logging ers were uninter- 100 (18/20) x 100 90% Adjusteq to 92. % consider-
bility monitored ing partial uptime
rupted =
/
Batt'ery Lon- Battery usage tracked Average =14 Average Thours/n Total hours/test cy- 14 hrs (14/12) x 100 = 116%
gevity over time hours = cles

The experimental study was conducted based on data collected from the 20 randomly selected patients, and the results were
computed using standard regression and classification evaluation metrics. Table 6 presents the functional test results based on

the views of the participants.

Table 6. Functional Test Results.

Parameter Measured Value Target Performance (%) Remarks
Inhaler Detection 19/20 users successfully logged all One user reported missed detection due
. 95% 97.5% .

Accuracy actuations to low airflow.
D?ta Synchronization 2.3 seconds average <Ssec 100% All data uploaded within the expected
Time range.

- . light del i k ar-
Model Prediction Time 2.7 seconds average <3sec 95% Salsg delay observed in poor network ar
System Reliability 18/29 users had uninterrupted data S90%  92% qu users experienced temporary con-

logging nectivity issues.

Battery Longevity 14 hours average >12hrs 116% Consistent battery performance.

Based on the results presented in Table 7, the system
demonstrated a high detection accuracy of 97.5%, confirming
the reliability of the airflow sensor in detecting inhaler actua-
tion even at low flow rates. The average synchronization and
prediction times were 2.3 and 2.7 seconds, respectively, en-
suring near real-time feedback for users and clinicians. 95%
of users found the dashboard intuitive, 90% appreciated real-
time alerts, and 10% of the participants suggested larger font
sizes for elderly users. Since connectivity interruptions oc-
curred in regions with poor Wi-Fi coverage, the system’s auto-

reconnect feature ensured data continuity once the connection
resumed. It was observed from the survey that participants in
urban areas showed higher predicted asthma risk levels, align-
ing with environmental data (higher AQI and humidity).

2) Non-Functional Testing

Table 7 presents the views of the 20 participants under real-
life conditions for the system’s speed, usability, scalability,
reliability, security, and maintainability on a Likert scale of 5.

Table 7. Collected Responses (20 Patients).

S/N Name Speed Usability Scalability
1P1 5 5 4
2 P2 4 4 4
3P3 5 5 5
4 P4 4 4 4
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Reliability Security Maintainability
4 5 5
4 5 4
4 5 5
4 4 4
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S/N Name Speed Usability Scalability
5P5 5 5 4
6 P6 4 4 4
7P7 5 5 5
8 P8 4 4 4
9P9 5 5 4
10 P10 4 5 4
11 P11 5 5 5
12 P12 4 4 4
13 P13 5 5 5
14 P14 4 4 4
15 P15 5 5 5
16 P16 4 4 4
17 P17 5 5 4
18 P18 4 4 4
19 P19 5 5 5
20 P20 4 5 4

The non-functional evaluation assessed the overall system
performance through user feedback. This evaluation investi-
gated if the system satisfied quality requirements related to
user experience, reliability, cloud responsiveness, and secure
healthcare data handling. Each participant used the Smart
Asthma Inhaler prototype and mobile application for seven (7)
consecutive days. The system’s cloud database logged data
transmissions, processing times, and error rates. During the
test, performance was evaluated under varying conditions

Reliability Security Maintainability
5 5 5
4 4 4
5 5 5
4 4 4
4 5 5
4 5 4
5 5 5
4 4 4
4 5 5
4 4 4
5 5 5
4 4 4
5 5 5
4 4 4
5 5 5
4 5 4

such as Normal Operation, which is the standard network con-

nectivity and average usage (twice per day); Stress Conditions,
which is the simultaneous data uploads of the 20 participants;

and Environmental Variance, which indicates participants

from urban (high pollution), semi-urban, and rural (low signal)
regions. The User ratings were collected via in-app feedback

and follow-up questionnaires. Table 8 shows the summary of
the non-functional test results for the system.

Table 8. Non-Functional Test Results.

Parameter Measured Value Target Performance (%) Remarks
System Performance o . .
(Speed) 3.1 seconds average data upload <5 sec 100% Excellent real-time responsiveness.
Usability 4.5/5 average user rating >4.0 112% Use.rs found the app intuitive and easy to
navigate.
. 20 concurrent users handled without Cloud-based architecture supported all re-
> 0,
Scalability dela > 15 users 108% Lests smoothly.
y q y
Reliability 94% uptime = 90% 104% Minor downtime observed during network
- transitions.
Securit 100% successful authentication, no 100% 100% Firebase encryption and login tokens worked
Y data loss ’ ’ efficiently.
e System updates completed within 2 <5 o Modular structure simplified maintenance
Maintainability minutes minutes 120% tasks.
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4. Discussion

The findings of this study demonstrate that integrating [oT
technology with ML provides an effective framework for in-
telligent asthma management. The developed Smart Asthma
Inhaler system successfully combines physiological monitor-
ing, environmental sensing, cloud computing, and predictive
analytics into a unified platform capable of supporting real-
time clinical decision-making. Unlike conventional inhalers,
which primarily function as medication delivery devices, the
proposed system continuously monitors inhaler usage, SpO»,
temperature, humidity, and AQI to provide predictive asthma
risk assessment and timely feedback to both patients and
healthcare providers [5, 12]. The experimental evaluation
demonstrated high functional performance, with an inhaler de-
tection accuracy of 97.5%, average synchronization and pre-
diction times of 2.3s and 2.7s, respectively, and an R? value of
0.986 for the Multiple Linear Regression model. These results
indicate that the selected physiological and environmental
variables demonstrated promising predictive capability within
the pilot dataset for estimating asthma risk while maintaining
low computational complexity suitable for real-time imple-
mentation [13, 14]. The relatively short prediction time further
confirms the suitability of the proposed framework for contin-
uous monitoring applications where timely intervention is
critical.

The developed system also exhibited strong non-functional
performance. User evaluation produced a usability score of
4.5/5, while system reliability reached 94% uptime, demon-
strating that the platform is both practical and dependable for
routine healthcare monitoring. Furthermore, the cloud-based
architecture successfully supported concurrent users without
significant degradation in performance, confirming its scala-
bility for future deployment in larger healthcare environments
[15, 16]. Compared with existing smart inhaler solutions that
primarily emphasize medication adherence monitoring [7, 16],
the proposed framework provides a more comprehensive ap-
proach by integrating multiple physiological and environmen-
tal indicators into a single predictive model. This integration
enables proactive asthma management through early identifi-
cation of potential exacerbations rather than relying solely on
historical inhaler usage. Consequently, clinicians are provided
with additional decision-support information that may facili-
tate earlier intervention and improve patient outcomes [1, 2,
17, 18].

5. Conclusion

This study presented the design and implementation of a
Smart Asthma Inhaler system that integrates loT technology
with Multiple Linear Regression (MLR) to enable real-time
asthma monitoring and predictive risk assessment [4, 14]. The
proposed framework successfully combines physiological,
environmental, and behavioural data to estimate asthma risk
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and support proactive clinical decision-making. Experimental
evaluation demonstrated excellent system performance,
achieving an inhaler detection accuracy of 97.5%, average
synchronization and prediction times of 2.3 s and 2.7 s, re-
spectively, and a prediction model with a coefficient of deter-
mination (R?) of 0.986. The system also exhibited high usabil-
ity, reliability, and scalability, demonstrating its suitability for
intelligent healthcare applications.

The major contribution of this research lies in the integra-
tion of loT sensing, cloud computing, and ML into a unified
framework for continuous asthma monitoring and early risk
prediction. By moving beyond conventional inhalers that pri-
marily deliver medication, the proposed system provides pre-
dictive insights that can improve medication adherence, facil-
itate early intervention, and enhance clinical decision support
[19,20].

Overall, the results confirm that integrating loT sensing
technologies with ML provides a practical, low-cost, and
scalable solution for intelligent asthma monitoring. The
proposed Smart Asthma Inhaler system demonstrates
strong potential for supporting continuous patient moni-
toring, personalized asthma management, and proactive
clinical decision-making, thereby contributing to the ad-
vancement of digital healthcare systems [4, 5, 21]. De-
spite these encouraging results, certain limitations should
be acknowledged. The predictive model was developed
and evaluated using a relatively small dataset comprising
twenty participant records. Although the model achieved
excellent predictive accuracy, its generalizability across
larger and more diverse patient populations remains to be
validated. Additionally, the Multiple Linear Regression
algorithm assumes linear relationships among predictor
variables, which may not fully capture the complex inter-
actions that characterize asthma exacerbations. Future
studies should therefore investigate larger multi-centre
clinical datasets and evaluate more advanced ML tech-
niques, including ensemble learning and deep neural net-
works, to further improve prediction accuracy and model
robustness [13, 16].

Abbreviations
SpO, Oxygen Saturation Air
AQI  Quality Index
IoT Internet of Things
SID Smart Inhaler Device
PM Particulate Matter
MPS  Microcontroller
BLE  Bluetooth Low Energy
MSE  Mean Squared Error
MAE Mean Absolute Error
CoD  Coefficient of Determination
ML Machine Learning
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