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Abstract—Getting patients to take their medications on 

time, in the right amount, and without forgetting any 

doses is one of the biggest problems in healthcare. It 

seems simple. It's not authentic. When they visit the 

clinic, people with chronic illnesses like diabetes or high 

blood pressure may not always receive the help they 

require for their mental and physical health issues. 

Missing a few doses may not seem like a big deal, but 

when you consider the big picture, the consequences can 

be disastrous and occur before anybody realises there is 

a problem.  

To sum up, people who use health apps a lot are more 

likely to take their medications as directed. The 

reminders were the most important part.Tracking tools 

and alerts also had an effect, but not as much as the other 

things. We discovered that perceived utility and trust are 

the two primary attributes that sustain user engagement 

with programs. 

Even if these results aren't completely new, they give us 

strong, regional data on a topic that Westerners still do 

most of the research on. The conclusion is very helpful: 

health apps should be part of the tools used to treat long-

term illnesses, but only if they are made with real patients 

in mind and not just to get downloads. 

 

Index Terms—Digital health interventions, patient 

behaviour, smartphone applications, medication 

adherence, chronic illness management, mobile health 

(mHealth), and healthcare technology 

 

I. INTRODUCTION 

 

Anyone who has worked in a community clinic or 

hospital ward will understand how frustrating it can be 

to see a patient leave with a prescription that is likely 

to be improperly filled. Cost is undoubtedly a factor, 

but it's not always about money. Sometimes folks just 

forget. Sometimes they discreetly decide they don't 

need the medication because they feel well enough 

already, because they've read something concerning 

about side effects online, or because implementing a 

pill every morning serves as a daily reminder that they 

have a condition they'd prefer not to think about. 

The statistics on long-term therapy adherence from the 

World Health Organization is alarming. The average 

global adherence rate for patients with chronic 

illnesses is about 50%(Organization, 2003) , which 

means that about one in two patients who are sent 

home with a prescription are not taking it as 

prescribed. What are the medical benefits of the 

treatment plans? Finished, if at all. Researchers have 

long known about the two main types of failure. The 

first is unintentional: people forget to take their 

medicine when things become tough, plans change, or 

pill bottles get misplaced in a backpack (Vrijens, 

2012). The second is on purpose: the patient has made 

the choice to cut back on or stop taking their drug, 

generally because they are really worried about side 

effects or dependence or don't know if the doctor's 

advice is correct for them. This second type is harder 

to heal since it has more to do with faith and trust than 

with memory. 

The primary low-tech methods for a long time were 

blister packets, follow-up calls, and guidance from 

chemists. Since there aren't enough medical 

professionals or hours to provide that type of 

individualised therapy to the millions of individuals 

who desire it, these approaches are effective for one 

person at a time but not for big groups (Istepanian, 

2017). 

This equation was altered, at least possibly, by 

smartphones. By 2024, the majority of individuals 

worldwide will own a connected gadget, and many of 

them already utilise it to handle various parts of their 

everyday life. When patients aren't in a clinic, health 

applications created especially to encourage 

medication adherence provide low-cost, constant, and 

reasonably tailored help for 23 and a half hours a day. 

This research investigates whether that theoretical 
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promise results in real behaviour change using patient 

data from India. 

We want to be clear about the limits up front: just 

because a patient report using an app and maintaining 

high adherence doesn't mean the app is to blame. The 

limitations of self-report data are widely understood. 

However, what we discovered is helpful as a 

foundation for comprehending the connection between 

digital tools and medication-taking behaviour, and we 

believe it is worthwhile to share. 

 

II. REVIEW OF LITERATURE 

 

2.1. Theoretical Frameworks 

It is helpful to have some conceptual framework in 

place before delving into the findings. It is simpler to 

assess results across various illness kinds and patient 

demographics when one is aware of the many 

theoretical frameworks that appear often in the 

mHealth literature. 

 

2.1.1.The Health Belief Model (HBM) 

The most popular framework in this field is most likely 

the Health Belief Model. It makes intuitive sense: 

individuals take health action when they are truly at 

danger, when they believe the disease is serious, and 

when the anticipated advantages of taking action 

exceed the perceived obstacles (Rosenstock, 1974). 

This helps explain why basic reminders in mHealth 

don't always work. When a patient's hypertension is 

under control, they don't have any symptoms that 

would indicate quitting their medication might be 

risky.  

Apps that offer real-time data, such blood pressure 

readings taken shortly after a medication, cover this 

gap and highlight the benefits of therapy (Morawski, 

2018). The HBM refers to push alerts as "cues to 

action." They are outside forces that spur people to 

action without requiring self-motivation (Thakkar, 

2016). 

 

2.1.2.The Technology Acceptance Model (TAM) 

TAM shifts the emphasis from health principles to 

technology utilisation. According to this approach 

(Davis, 1989), a person's evaluation of a new 

technology's usefulness and usability are the two main 

factors that determine whether or not they accept and 

continue to use it. Practically speaking, it makes no 

difference how sophisticated the clinical software is if 

patients find it difficult to use it. Research on mHealth 

participation regularly demonstrates that when data 

input requirements seem burdensome or the interface 

is unfamiliar, patients quit programs quickly—

sometimes in a matter of days (Zhang, 2021). When it 

comes to any clinical impact, designing for simplicity 

is not an option. 

 

2.1.3.The COM-B Model 

A more comprehensive approach is taken by the 

Capability, Opportunity, Motivation, and Behaviour 

framework. COM-B investigates if the individual has 

the capacity, the opportunity, and the motivation the 

conduct demands rather than pinpointing a particular 

route to behaviour change (Michie, 2011). All three 

can be impacted by well-designed health applications. 

Through instructional materials outlining the true 

functions of pharmaceuticals and their significance, 

they develop competence (Lauffenburger, 2019). By 

streamlining refill procedures, scheduling reminders 

around the patient's actual schedule, and facilitating 

contact with care teams without necessitating a clinic 

visit, they provide potential. Through accomplishment 

monitoring and gamified incentives, they boost 

motivation by giving pill-taking behaviours that would 

otherwise seem unappreciated positive reinforcement. 

 

2.2. What the Evidence Says Across Disease Areas 

The question of whether patients who use health apps 

for medication management report greater adherence 

than those who don't is now pretty explicitly addressed 

in a large corpus of research. The answer is true in the 

majority of illness areas that have been researched; 

nevertheless, there are significant differences in the 

processes and impact size. 

 

2.2.1.Heart disease and the Asymptomatic Patient 

Problem 

The most deadly cardiovascular disorders, such as 

high blood pressure and cholesterol, usually don't 

show any signs until something really goes wrong, 

making adherence particularly difficult. When a 

patient's blood pressure is controlled with medication, 

they truly feel better. Since nothing noticeably changes 

in the near term, stopping medicine doesn't seem like 

a bad decision right away. This is commonly referred 

to by doctors as "clinical success, patient failure" the 

patient believes they are cured since the treatment was 

successful. (Burnier, 2019) 
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In this area, mHealth apps have demonstrated 

significant promise, mostly through the display of 

longitudinal data. Patients start to comprehend the 

effects of their medicine in a manner that abstract 

professional instructions never do when they can open 

their phone and view their blood pressure trend over 

weeks. Meta-analyses have shown actual drops in 

systolic and diastolic blood pressure, not only better 

self-report, and systematic evaluations of app-based 

cardiovascular therapies regularly indicate that app 

users report higher adherence rates than non-users.(Al-

Arkee, 2021; Lu, 2019)  

 

2.2.2.Diabetes: When Self-Management Gets 

Genuinely Hard 

To put it simply, managing diabetes is tiring. You need 

to think about when to take insulin, how much to 

exercise, check your blood sugar throughout the day, 

and make food choices that take all of these things into 

account. It's not surprising that "diabetes distress," a 

specific type of emotional burden that comes with the 

disease, is so common.(Litchman, 2018) 

For some patients, apps that work with continuous 

glucose monitoring and can tell when they are about to 

have a hypoglycemic episode have really changed 

their lives. An algorithm's level of mental strain varies 

significantly depending on how much cognitive 

monitoring it receives. App users show improved 

adherence to insulin regimes, less discomfort, and 

clinically significant reductions in HbA1c, the classic 

long-term measure of glycaemic control, according to 

research comparing diabetic patients using apps to 

those using paper logbooks.(Hou, 2016; Zhai, 2020) 

 

2.2.3.Respiratory Conditions: It's Not Just About 

Remembering 

The additional issue that asthma and COPD create—

that is, whether or not patients take their medication 

correctly—is not taken into consideration in the 

majority of adherence studies. The medication will 

remain in your throat rather than your lungs if you 

don't hold your breath long enough, angle the inhaler 

incorrectly, or use too much effort. The therapy might 

not be particularly beneficial even if the patient 

complies with the guidelines. (Chan, 2022) 

This is beginning to change with smart inhalers that 

have sensors and Bluetooth integrated in. By 

observing the inhalation's auditory pattern, they may 

determine when and where an inhaler was used, and in 

some situations, they can assess how successfully it 

was utilized. Patients who use these devices typically 

report recognizing, often for the first time, the settings, 

times of day, and activities that really make their 

symptoms worse (Greene, 2019; Merchant, 2016). 

You just don't get that degree of information from 

routine self-monitoring. 

 

2.2.4.Psychiatric Conditions: The Hardest Case 

People who suffer from severe depression, bipolar 

disorder, or schizophrenia are more likely to ignore 

their treatment plans. This is more than just having 

trouble understanding or maintaining motivation. The 

diseases itself can make it difficult for people to 

maintain the insight and executive function needed to 

continue therapy. Some people with mental illnesses 

suffer from anosognosia, a condition in which they do 

not think they are ill and do not see the need for 

medicine. (Kreyenbuhl, 2016) 

Research on mental mHealth applications indicates 

that simplicity is essential. It has been shown that 

programs that need constant active participation, 

intricate user interfaces, and persistent reminders 

actually raise stress levels rather than lower them. 

Users are not required to disclose their personal health 

in the best applications in psychiatric settings. Instead, 

they passively collect data, like tracking sleep 

duration, phone usage habits, and voice features as 

indirect signs of mental state (Ben-Zeev, 2014; 

Naslund, 2016). When used correctly, these 

technologies can really help with thinking. If done 

wrong, they can be bad. 

 

2.2.5.Oncology: Pills at Home Instead of Drips in 

Clinics 

Cancer care is gradually changing and evolving into 

home-based management Methods of patients 

receiving targeted oral therapy. While undergoing 

Chemotherapy under a doctor's close supervision has 

been the traditional model for receiving chemotherapy, 

now patients are increasingly administering their own 

oral agent Chemotherapy (as will be discussed later) at 

home. Most oral Chemotherapy medications (a large 

proportion are composed of tyrosine kinase 

inhibitors), have limited windows of effectiveness & 

safety (harm) and have very potent and toxic side 

effects (Park, 2022).  

Patients are often legitimately concerned regarding 

administering these oral chemotherapy medications, 
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and their concerns directly result in non-compliance 

with their medications. Some patients will secretively 

stop taking their oral Chemotherapy medications 

because they believe their medications are harming 

them, that the side effects will persist and whether their 

symptoms are normal. Apps developed for cancer 

patients help provide support, track symptoms provide 

notification to healthcare providers when a significant 

issue(s) arise and provide reassurance through 

continuous monitoring, creating a very pastoral type of 

experience for cancer patients. Studies have shown a 

significant improvement in medication compliance in 

patients using cancer patient apps compared with 

patients receiving conventional Cancer Therapy 

(Hershman, 2020; Tan, 2026). 

 

2.3. Features That Actually Make a Difference 

Not all features of health applications are equally 

important. Research from patients shows a consistent 

view on which features truly matter. 

 

2.3.1.Reminders — But Smarter Than a Simple Alarm 

Reminders are the most helpful feature for almost 

every patient using a medication app. This applies to 

both illness categories and research (Ahmed, 2018). 

However, the most interesting finding is that simple 

time-based alerts, like "take your pill at 8:00 AM," do 

not work well because they often sound at 

inconvenient times. The reminder will sound at eight 

in the morning if you're still asleep, driving, or 

attending a meeting. Context-aware reminders are far 

more effective since they leverage location data or 

patterns in your daily activities to deliver messages at 

truly relevant moments. Patients are more likely to 

respond to a reminder that sounds when the phone 

detects that you've returned home than to respond at a 

predetermined time. Patient satisfaction and adherence 

rates have consistently risen with this type of adaptive 

reminder (Kassavou, 2021; Santo, 2019). 

 

2.3.2.Gamification: Making Something Boring Feel 

Meaningful 

This might not seem like much. It isn't. It might be 

annoying to take medicine every day for years. It 

seems to be a minor nuisance most of the time, and 

there is frequently no prompt response or indication of 

change. Gamified apps employ visible behaviour cues 

to address this. These consist of streak counts, progress 

rings, badges, and points (Cugelman, 2013). The same 

brain circuits that make social media appealing are 

activated by small, regular dopamine surges linked to 

seeming achievement. Gamified consumers 

participate in everyday activities for extended periods 

of time. This is demonstrated by randomised studies 

contrasting gamified and conventional medical 

applications (Li, 2021).  

An interesting finding from behavioural economics 

literature is that people are more engaged with variable 

incentives, when reinforcement is unpredictable rather 

than guaranteed, than with fixed rewards. A daily "well 

done" message might not be as motivational for 

forming habits as an occasional bonus message 

notifying a patient, they've had a very good week 

(Dayer, 2013). 

 

2.3.3.Education Within the App 

The Health Belief Model states that in order to sustain 

long-term intentional adherence, patients must 

understand the importance of their medication. The 

benefits of reminders alone are weak without such 

knowledge. Research comparing app users and non-

users has shown that non-users often have higher 

misunderstandings regarding the medications they 

take (Zhou, 2022). Many people with hypertension 

think that antihypertensives function similarly to 

antibiotics—you take them until the condition is 

resolved, then stop. Over time, it has been shown that 

applications that include brief, simply understood 

instructions in simple language (instead of clinical 

jargon) greatly improve patient comprehension and 

encourage more consistent, genuinely driven 

adherence (Wicks, 2018). 

 

2.3.4.Social Features and Family Involvement 

Because you're dealing with something that others 

around you don't have to worry about, living with a 

chronic illness may be particularly lonely. Social 

learning theory is the basis for community elements in 

mHealth applications, which allow patients to engage 

with people in comparable circumstances. Seeing 

someone else overcome similar obstacles boosts your 

own perception of what's achievable (Bandura, 2004). 

A layer of social accountability that many patients 

describe as truly motivating is created by features that 

let them share their adherence data with a family 

member or their general practitioner (Ernstmann, 

2021). This is more akin to having someone in your 

corner who is paying attention than monitoring. 
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2.4. Why Apps Fail: The Barriers Side of the Equation 

The obstacles are at least as important as the 

facilitators, if not more so. No matter how well-

designed an app is, it has no clinical value if users 

delete it after a month.  

 

2.4.1.Too Many Notifications 

This is by far the most often given explanation for 

discontinuing the usage of a health application 

(Ancker, 2017). Given that reminders are also the most 

appreciated function, it's also a little ironic. Calibration 

is where the discrepancy is found. Notifications that 

are pertinent, timely, and spaced correctly are helpful. 

They are perceived as harassment if they are frequent, 

excessive, or ill timed. Patients usually disable the 

app's notification capabilities or uninstall it completely 

once they begin to ignore notifications, which happens 

rapidly after the threshold is exceeded, and adherence 

returns to baseline (Lanke, 2025). 

 

2.4.2.Digital Exclusion 

Because it is fundamental and cannot be resolved by 

excellent design alone, this is perhaps the most 

significant issue facing the mHealth industry. Patients 

from lower-income backgrounds and older persons 

managing numerous chronic diseases are among those 

who stand to gain the most from adherence assistance, 

yet they are frequently the least used to smartphone 

technology (Eysenbach, 2007; Unni, 2019). Small 

font, challenging navigation, and the assumption of 

prior computer proficiency are barriers for these 

individuals (Krebs, 2015). An application developed 

by a group of 28-year-old engineers might not be 

usable by a 72-year-old with no prior smartphone 

experience, even with the greatest of intentions.  

 

2.4.3.Data Privacy Worries 

The information that health applications collect is 

known to patients. What happens to their location data, 

physiological monitoring, and medication data is a 

major concern for many individuals (Demiris, 2016). 

Some worry that insurance companies would receive 

this information and use it against them. Generally 

speaking, some people find it disturbing that 

companies maintain detailed records of their routine 

health-related actions (Liu, 2020). These concerns are 

warranted since there have been real data security 

breaches in the mHealth industry, and regulations 

safeguarding health app data are still inconsistent and 

often inadequate. Numerous studies have shown that 

patients won't use applications they don't trust, and it 

can be extremely difficult to rebuild trust following a 

perceived privacy violation (Agbo, 2019; Cortez, 

2014). 

 

2.4.4.Clinical Irrelevance 

Health app users frequently bemoan the data's lack of 

relevance. Without seeing a physician or linking to 

their medical records, they use their phones to log 

readings, assess symptoms, and record prescriptions 

(Free, 2013). This eventually lowers interest and 

fosters pessimism. Patients are more likely to stick 

with apps over time if they believe that their digital 

records are actually improving their care—that is, if 

their clinical team sees the data and reacts (Steinhubl, 

2015). 

 

2.5. The Role of Who the Patient Is 

One common problem in mHealth research is the 

propensity to see all app users as a single, homogenous 

group. Depending on their unique qualities, people's 

reactions to digital health technology might differ 

significantly. 

 

2.5.1.Age 

Young patients (those born into the smartphone age) 

typically adopt health applications fast and easily 

because of their deeply embedded digital habits and 

low learning curve (Marcolino, 2018). The elderly 

patients present an additional challenge. They 

frequently have more difficulty adopting new 

interfaces at first, needing more time and assistance to 

become accustomed to them. However, older users 

typically sustain longer-term, more regular 

engagement than younger ones once that first barrier 

is removed (Oluwafemi, 2026; Silva, 2023). After 

giving the app a try, the younger patient finds it 

intriguing for a few weeks before moving on. The 

elderly patient, who put more effort into incorporating 

it into their daily routine, continues to use it as it has 

become an integral part of their day-to-day activities. 

From the standpoint of therapeutic results, that 

ongoing involvement is just what you want. 

 

2.5.2.Education and Health Literacy 

Complex health applications likely to yield greater 

benefits for patients with higher educational 

attainment and stronger baseline health literacy 
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(Tesfaye, 2023). They are more likely to utilise 

symptom tracking tools, interact with instructional 

courses, and comprehend data visualisations. Patients 

with lower reading levels could only use the most basic 

elements, like the alarm, and overlook the ones that are 

more likely to deal with deliberate non-adherence 

(Hafeez, 2018; Wang, 2025). That's a design issue, not 

a critique on those patients. Applications that need a 

high level of literacy are not inclusive. 

 

2.5.3.How Visible the Illness Is 

This is based on a rather simple principle: people with 

disorders that cause noticeable, painful symptoms are 

naturally motivated to address them, but people with 

quiet ailments just aren't (Chong, 2025). You can tell 

whether your arthritis is becoming worse when you 

don't take your medicine. You probably won't notice 

anything right away if your blood pressure starts to rise 

after stopping your antihypertensive medication. 

Applications aimed at the latter category must put in a 

lot more effort to offer external incentive, such as 

gamification, teaching materials that make long-term 

effects seem visceral and intimate, and peer support 

from those who have firsthand knowledge of the 

negative effects of uncontrolled hypertension (Fadhil, 

2018). 

 

III. RESEARCH OBJECTIVES 

 

1. To ascertain if and to what degree the usage of 

mobile health applications is associated with 

improved medication adherence among Indian 

patients with chronic illnesses.  

2. To investigate the relationship between adherence 

and app usage frequency—does more regular use 

lead to better results? 

3. To determine if certain app features, such as 

reminders, teleconsultation options, and monitoring, 

seem to be more important for adherence behaviour.  

4. To determine if long-term sustained app engagement 

is predicted by user-side perceptions, such as 

perceived utility, dependability, and convenience of 

use.  

5. To identify the main barriers that prevent patients 

from adopting or using health applications.  

 

IV. RESEARCH HYPOTHESES 

 

Five pairs of hypotheses were developed in order to 

structure the empirical analysis 

H1: Adherence and App Use 

H01: There is no significant correlation between the 

usage of mobile health applications and medication 

adherence.  

H11: There is a substantial correlation between 

medication adherence and the usage of mobile health 

applications. 

 

H2: Frequency of Use 

H02: A patient's adherence level is not substantially 

predicted by how often they use a mHealth app. 

H12: Adherence is positively and strongly correlated 

with usage frequency. 

 

H3: Features of the App 

H03: Features like tracking, notifications, and 

reminders have no effect on adherence behavior. 

H13: These traits have a significant influence on 

adherence. 

 

H4: User Perception and Sustained  

H04: Sustained app engagement is not significantly 

predicted by perceived usefulness, simplicity of use, or 

trust. 

H14: Persistent involvement is substantially predicted 

by these perceptual factors. 

 

H5: Obstacles and App Utilization 

H05: Perceived limitations and app usage patterns do 

not appear to be correlated.  

H15: There is a strong correlation between app usage 

behavior and perceived obstacles. 

 

V. RESEARCH METHODOLOGY 

 

5.1 Study Design 

A cross-sectional, quantitative technique was 

employed in this study. A descriptive-analytical 

technique was employed since the primary goal is to 

identify correlations between variables, namely 

between app usage patterns and adherence results, 

rather than to establish causality. A useful method for 

collecting this type of data from a sizable sample at 

one particular moment in time is a cross-sectional 

survey. 

 

5.2 Data Collection 

A systematic questionnaire created and disseminated 

using Google Forms was used to gather data. Multiple-
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choice questions and statements on a five-point Likert 

scale were used in the instrument to cover the main 

constructs of interest. When the variable of interest 

involves attitudes, perceptions, or self-assessed 

behaviours rather than objective facts, Likert items 

were employed. 

 

5.3 Sampling 

Convenience sampling was used to choose participants 

based on their availability and desire to take part. 

Adults with at least one chronic illness that needed 

continuous medication treatment were considered the 

target population. We do not assert that this sample is 

typical of India's larger population of people with 

chronic illnesses. 

 

5.4 Final Sample 

220 valid replies were kept and used in all further 

analyses after questionnaires with inconsistent or 

partial responses were eliminated. 

 

5.5 Variables 

Medication adherence, which is assessed as a 

composite score based on three self-report items 

frequency of missed doses, consistency of time, and 

adherence to recommended dosage is the dependent 

variable. App usage status (user vs. non-user), 

frequency of use, perceived efficacy of certain app 

features, user perception constructs (easy of use, trust, 

utility), and perceived adoption hurdles were among 

the independent factors. 

 

5.6 Statistical Methods 

Microsoft Excel was used to evaluate all of the data. 

Descriptive statistics were used to describe the sample; 

Cronbach's Alpha was used to evaluate the internal 

reliability of the multi-item perception scales; chi-

square tests were used to look at relationships between 

categorical variables; Pearson's r was used to measure 

the relationship between adherence and usage 

frequency; and multiple linear regression was used to 

evaluate the independent contributions of user 

perceptions and app features to the outcome variables. 

 

5.7 Ethical Considerations 

It was completely optional to participate. Before filling 

out the questionnaire, respondents were made aware of 

the academic goal of the study and given the assurance 

that their answers would be kept private and utilised 

exclusively for research. 

VI. DATA ANALYSIS 

 

6.1. Sample Characteristics 

Table 6.1 provides a summary of the 220 participants' 

demographics. 
 

Table 6.1: Demographic and App Usage Profile 

Variable Category Frequency Percentage 

(%) 

Age 

Group 

18–25 74 33.6 

 26–40 62 28.2 

 41–60 54 24.5 

 60+ 30 13.6 

App 

Usage 

Yes 187 85.0 

 No 33 15.0 
 

The sample skews younger, with over 60% of 

respondents being under 40. This is probably due to 

the recruitment method's reliance on an online 

platform as well as the chronic illness profile of 

younger persons, which includes asthma and type 1 

diabetes. People who currently use health apps were 

more likely to participate in an online poll regarding 

health apps, which accounts for the relatively high 

85% app usage rate. 

 

Table 6.2: Medication Adherence Behaviour 

Variable Category Frequenc

y 

Percentag

e (%) 

Missed 

Medicatio

n 

High 

Adherenc

e (4–5) 

156 70.9 

 Moderate 

(3) 

67 20.5 

 Poor (1–

2) 

23 8.6 

Took 

Medicatio

n on Time 

Yes 168 76.4 

 No 52 23.6 

Correct 

Dosage 

Yes 174 79.1 

 No 46 20.9 
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The sample demonstrates generally good adherence 

across all three adherence parameters. Given the high 

incidence of app usage, this may not come as a 

surprise; there may be a self-selection effect that 

makes more compliant patients more inclined to use 

health apps and to take part in research on them. 

 

Table 6.3: Key Variable Summary 

Variable Mean Standard 

Deviation 

Interpretation 

Adherence 

Index 

3.52 0.88 High 

Usage 

Frequency 

Score 

2.95 0.98 Moderate 

 

The sample's overall good adherence is confirmed by 

the mean adherence index of 3.52 (out of 5). The usage 

frequency of 2.95 suggests a moderate level of 

engagement, meaning that individuals use their 

applications often but not actively every day. 

 

6.2. Reliability of Scales 

The internal consistency of the perception-related 

items was assessed prior to hypothesis testing. 

 

Table 6.4: Cronbach's Alpha Results 

Variable Set Number 

of Items 

Cronbach's 

Alpha 

App Perception & 

Engagement Constructs 

8 0.788 

 

(Items: Ease of Use, Trust, Usefulness, Satisfaction, 

Reminder Effect, Tracking Effect, Notification 

Motivation, Future Use) 

It is okay to have a Cronbach's Alpha of 0.788, which 

is much over the standard 0.70 cutoff for social science 

research. The eight items' combined usage in the 

regression analyses is supported by the fact that they 

seem to measure a cohesive underlying concept. 

 

6.3. Chi-Square Results 

6.3.1.Does App Use Relate to Adherence? (H1) 
 

Table 6.5: App Usage vs Medication Adherence 

App 

Usag

e 

Poor 

Adherenc

e (1–2) 

Moderat

e (3) 

Good 

Adherenc

e (4–5) 

Tota

l 

No 19 9 5 33 

Yes 31 58 98 187 

Total 50 67 103 220 

Table 6.6: Chi-Square Result (H1) 

Chi-square (χ²) df p-value 

30.58 4 0.041 
 

These figures are really startling. Compared to 98 app 

users (52%), just 5 non-users (15%) achieved the high-

adherence category. That is a significant disparity. The 

substantial difference in adherence distributions 

between users and non-users is confirmed by the chi-

square value of 30.58. H11 is accepted but H01 is 

refused. 

 

6.3.2.Barriers and App Continuation (H5) 
 

Table 6.7: Reasons for Discontinuing mHealth 

Applications 

Reason (Barrier) Frequency Percentage (%) 

Lack of Awareness 80 36.4 

Privacy Concerns 52 23.6 

Complexity 46 20.9 

Cost 42 19.1 

Total 220 100 

 

Table 6.8: Chi-Square Result (H5) 

Chi-square (χ²) df p-value 

8.12 3 0.043 
 

By a wide margin, the most often mentioned obstacle 

was just not being aware that appropriate apps were 

available. This is possibly the study's most practical 

conclusion. In contrast to internet access or app 

pricing, a barrier based on knowledge and awareness 

may be overcome through communication. In line with 

the larger body of research on digital health reluctance, 

privacy concerns came in second. 

 

6.4. Correlation Analysis (H2) 
 

Table 6.9: Usage Frequency and Adherence 

Correlation 

Variables Correlation (r) 

Usage Frequency → 

Adherence 

0.722 

 

By traditional standards, a correlation of r = 0.722 is 

considered strong. Patients who use their app more 

frequently follow their prescription regimens more 

reliably. This doesn't tell us if using apps leads to 

adherence or if patients who are more motivated are 

just more likely to use apps and adhere; in reality, both 
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dynamics are most likely at work at the same time. 

Regardless of how we understand its exact causal 

structure, the association's strength is noteworthy. 

 

6.5. Regression Analysis 

6.5.1.Which App Features Predict Adherence? (H3) 

 

Table 6.10: Regression — Features Predicting 

Adherence 

Feature Beta (β) p-value 

Reminder Effect 0.28 0.001 

Tracking Effect 0.22 0.003 

Notification 

Motivation 

0.19 0.007 

 

Each of the three characteristics attained statistical 

significance. In line with their standing as the most 

widely regarded feature in patient-reported literature, 

reminders had the largest individual effect (= 0.28). 

Additionally, tracking and notifications contributed 

separately, indicating that they deal with distinct 

mechanisms rather than just forgetting, perhaps self-

monitoring and motivational reinforcement, 

respectively. 

 

6.5.2.What Predicts Whether Patients Keep Using 

Apps? (H4) 

 

Table 6.11: Regression — Perceptions Predicting 

Continued Use 

Perception Variable Beta (β) p-value 

Ease of Use 0.25 0.002 

Trust 0.27 0.001 

Usefulness 0.31 < 0.001 
 

The greatest predictor of sustained involvement was 

perceived usefulness (β = 0.31), which was followed 

by simplicity of use (β = 0.25) and trust (β = 0.27). 

Each of the three makes a substantial and separate 

contribution. The practical effect is that patients 

continue to use an application because they have a 

persistent belief that it is truly worth their time and that 

they can rely on it, rather than just out of habit or 

convenience 
 

VII. DISCUSSION 
 

When combined, the results present a coherent picture. 

Medication management is more dependable for 

patients who utilise health applications and do so on a 

regular basis than for those who do not. This is true for 

a variety of analytical techniques: regression models, 

correlation analysis, and chi-square comparison of 

adherence distributions all show similar results.  

In terms of numbers, the chi-square values were quite 

remarkable. The proportion of app users and non-users 

who attained high adherence levels differed 

significantly. As said, more motivated patients may be 

drawn to both app use and strong adherence, therefore 

this does not necessarily imply that apps were the 

source of the difference. However, even if motivation 

plays a role in the causal route, the connection itself is 

significant and has applications. 

The results of the regression analysis indicate that 

while trust and usefulness are the most significant 

perception factors for maintaining engagement, 

reminders are the most significant characteristic for 

promoting adherence. These two sets of results suggest 

rather different approaches to intervention. On the 

feature side, it appears that the optimal use of 

development effort is in high-quality, context-aware 

reminder systems. Building patient confidence 

through clear privacy policies, proven clinical 

integration, and sincere responsiveness is just as 

important from a perception standpoint as making the 

app user-friendly. 

In some respects, the study's most useful discovery is 

the barriers data. Given that the largest barrier to app 

adoption among people with chronic illnesses is their 

ignorance of the applications' existence, 

communication is an obvious first step. Healthcare 

professionals are in a good position to close this gap. 

Just as they could suggest a community support group, 

a doctor recommending a particular app to a patient at 

the conclusion of a visit might have a significant 

impact at a very cheap cost. 

 

VIII. CONCLUSION 

 

This study backs up a very obvious conclusion: among 

Indian patients with chronic illnesses, mobile health 

applications are linked to improved patient-reported 

drug adherence. They must be properly developed, 

incorporated into therapeutic processes, and made 

available to the patients who most need them; they are 

not a magic bullet. However, the data from this 220-

patient sample indicates that there is a genuine and 

substantial correlation between app use and adherence. 
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The most powerful individual feature is the reminder. 

The two most significant factors influencing long-term 

involvement are usefulness and trust. The largest 

obstacle to adoption is ignorance. Together, our results 

point to a useful set of priorities: improved app design 

focused on trustworthy, context-aware reminders and 

transparent data practices; clinical promotion of 

appropriate applications during routine consultations; 

and public awareness campaigns to let patients know 

these resources are available.  

None of this takes the place of the chemist's job, the 

clinical connection, or the public health infrastructure 

that first makes drugs available and reasonably priced. 

However, mobile health applications offer actual and 

proven utility as a supplement to all of that—a 

permanent, customised, portable support system. 

 

IX. PRACTICAL IMPLICATIONS 

 

When proposing health apps to patients with chronic 

diseases, clinicians should feel at ease introducing 

certain apps, outlining their functionality, and 

checking in with patients to see whether they were 

helpful. The majority of clinical interactions might 

accommodate this low-cost, scalable technique.  

Flexible, context-aware reminders, interfaces created 

with older and less tech-savvy users in mind, and clear, 

safe data practices that patients can comprehend 

without legal knowledge should be the top priorities 

for app developers. 

Interventions at the policy level should concentrate on 

interoperability (apps linked to health records produce 

more sustained engagement than those that function in 

isolation), awareness (the majority of patients don't 

know what's available), and access (cost remains a 

substantial barrier for some). 

 

X. LIMITATIONS 

 

Convenience sampling was used to choose a sample of 

220 people from a single institutional setting; hence it 

cannot be regarded as typical of all chronic illness 

patients in India. There is little generalisability.  

Social desirability bias is known to affect self-reported 

adherence; patients frequently claim higher levels of 

adherence than objective metrics like pill counts or 

pharmacy refill records usually verify. 

We are unable to determine causality because of the 

cross-sectional design. App usage and adherence have 

an associational link; to determine direction and 

mechanism, longitudinal data would be required. 

 

XI. FUTURE RESEARCH DIRECTIONS 

 

The evidence base would be greatly strengthened by 

longitudinal studies that follow adherence over a 

period of 12 to 24 months using objective adherence 

measures like computerised pill bottles or pharmacy 

data.  

A significant and ongoing vacuum in the research 

would be filled by studies that particularly enrol older 

patients and those from lower socioeconomic 

backgrounds, the groups most frequently excluded 

from mHealth benefits. 

As these capabilities grow more common in everyday 

clinical settings, research on AI-personalized reminder 

systems and integrated teleconsultation features is a 

developing field that merits careful examination. 
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