
I. Introduction

Personal health records (PHRs) have many benefits, such as 
helping people manage their health records by enabling ac-
cess to health information and facilitating communication 
by building bridges between patients and healthcare provid-
ers [1,2]. Initially, PHRs were web-based applications, but 
in recent years, the use of mobile PHR (mPHR) applications 
has increased. In 2021, there were 5.29 billion mobile phone 
users [3] and more than 350,000 mHealth applications were 
available in the app stores [4]. Despite the numerous poten-
tial advantages of PHRs, poor usability remains a significant 
barrier to patient acceptance and adoption of PHRs [5,6]. 
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	 Usability is defined by the International Organization for 
Standardization as “the effectiveness, efficiency, and satis-
faction with which specific users achieve specified goals in 
particular environments” [7]. The amount of resources re-
quired to complete a task is related to efficiency. In general, 
efficiency can have both an explicit, physical component, re-
lating to the speed required to finish a task, and a mental or 
cognitive component, related to the mental resources needed 
for a task. Poor system usability caused by inefficient, inef-
fective, and complex designs increases the mental effort 
due to the human cognitive architecture, which involves a 
limited working memory [8] and a theoretically unlimited 
long-term memory that shapes cognitive schemas. Usability 
increases when a user’s working memory is suitable for con-
centrating on the details of the information to be used [9]. 
Designs that force the user to retain too much information 
in working memory at once are likely to fail. A well-designed 
system should not exceed the capacity of the user’s short-
term memory [10,11]. A poor design can quickly deplete 
individuals’ very limited pool of cognitive resources. In such 
cases, as cognitive load increases, user performance decreas-
es, and the likelihood of making mistakes rises rapidly [12].
	 Cognitive task analysis (CTA) is a method used to reveal 
cognitive overload that examines and analyzes how people’s 
mental processes work while performing a task competently 
[13]. CTA is considered one of the best methods for effec-
tively analyzing the physical and mental procedures involved 
in a task [14]. This method focuses on comprehending and 
quantifying how users solve problems by assigning specific 
tasks that involve reasoning and then observing how they 
make decisions [15]. Human factors experts employ CTA 
to enhance the design of decision support systems, human-
computer interfaces, and training programs [16]. 
	 The goals, operators, methods, selection rules (GOMS) 
model [17] is a CTA method that characterizes human-com-
puter interaction in terms of user goals, the actions taken 
(operators), and methods employed to achieve these goals. 
The GOMS model aids in assessing the physical and mental 
effort required to attain a goal by identifying the steps neces-
sary to reach the desired objective when using an interface. 
Research [18,19] has shown that scrutinizing the fundamen-
tal task steps can help eliminate unnecessary processes and 
streamline task execution for optimal efficiency. This model 
enables designers to quantitatively estimate the time required 
or the efficiency of a given user interface for a specific task 
by breaking down the user’s steps and summing the execu-
tion time of each step, all without conducting detailed user 
tests [20]. Goals frequently comprise sub-goals, representing 

users’ intentions for using the system. Operators encompass 
basic actions necessary to interact with a system (e.g., press-
ing a button, swiping the screen), while methods denote 
sequences of operators users employ to achieve each goal. 
When multiple methods exist for achieving a goal, context-
based selection rules specify which method to use. 
	 Card et al. [21] developed an estimation tool, known as the 
keystroke-level model (KLM), based on the GOMS model, 
to estimate the duration of physical and mental activities on 
desktop computers using the mouse and keyboard. The fun-
damental concept behind KLM is to estimate the execution 
time of a task by listing the sequence of operators that a user 
employs to complete a task, summing the predetermined du-
rations of these operators, and subsequently calculating the 
time required for task completion. However, since the KLM 
was developed for desktop computer interactions, it cannot 
be applied to evaluate the use of smart devices, which have 
become increasingly prevalent in our lives due to technologi-
cal advancements. Recognizing this limitation, researchers 
have proposed new models [19,21-25] based on the KLM 
method specifically tailored for mobile devices, aimed at as-
sessing interactions with emerging technology. 
	 In this study, we used CTA to assess the cognitive complex-
ity and execution time of the Republic of Türkiye’s national 
mPHR application e-Nabız. 

II. Methods

1. CTA
This study used the GOMS model to analyze the cognitive 
complexity of the e-Nabız mPHR application. Two proposed 
GOMS analysis techniques—the updated GOMS model 
[20] and the gesture-level model [22,23]—were applied to 
estimate the execution times of the determined prototypi-
cal tasks using the device Samsung Note10+ (Android OS, 
screen size of 6.8 inches/17.27 cm). A mental operator and 
three physical operators were used, as suggested in these 
models (Table 1), since these are sufficient to evaluate the 
e-Nabız application.
	 Physical operators (e.g., prepare finger/pointing [P], tap 
[T], and drag [D]) are the movements associated with hand 
gestures needed to accomplish tasks. The definition of basic 
operators may differ based on various descriptors such as 
“prepare finger” in the updated GOMS model and “pointing” 
in the gesture-level model, although they describe the same 
movement. 
	 Mental operators include “mentally initialing a task (MI),” 
“mentally deciding, or choosing (MD),” “mentally retriev-
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ing (MR),” “mentally finding (MF),” and “mentally verifying 
(MV),” as proposed by Li et al. [24], and these operators give 
detailed information about the mental state of a user. MI 
refers to being mentally prepared for a task and takes place 
when a task is initialized. MD occurs when the user has to 
make a decision in case of two or more options. MR refers 
to a mental state that a user needs to recall information. The 
MF operator takes place in case there is an information or 
an object that needs to be searched on the screen, and MV 
is the mental operator used when a user confirms that the 
targeted page or result has been reached on the screen. Un-
like physical operators, mental operators are not observable 
user behavior; their placements are guided by heuristic rules 
based on psychological assumptions about users, as pro-
posed by Card et al. [21].

2. E-Nabız
The national PHR application of the Republic of Türkiye, 
which served 10 million users in 2019, experienced a re-
markable surge in its user base, reaching 25 million users 
during the coronavirus disease 2019 pandemic [25]. The sys-
tem seamlessly integrates real-time data from all healthcare 
institutions (public, private, or university hospitals), provid-
ing a platform where citizens can access their PHRs. Users 
can access a wealth of information, including laboratory re-
sults, radiology images, prescription and medication details. 
Additionally, with patient consent, healthcare providers or 
family members can also access this information. The menu 
structure diagram of the mPHR application is shown in Fig-
ure 1.

3. Procedures
First, the most common 10 tasks a user can carry out with 
e-Nabız were determined: T1 “making an appointment,” 
T2 “canceling an appointment,” T3 “finding a previously 

taken radiology image/report,” T4 “reviewing physician 
visit information on a specific date,” T5 “adding reminder 
information to the prescribed medication from the last doc-
tor visit,” T6 “entering allergy information,” T7 “reading the 
package insert of a previously prescribed drug,” T8 “recording 
medication side effects,” T9 “reviewing information about a 
diagnosed condition,” and T10 “view details from previous 
reports.” If necessary, each task was divided into subtasks.
	 Second, each task was broken down into its elementary 
steps according to the GOMS method and each step was 
described as a physical or mental operator (Table 1). The 
locations of mental operators were determined as proposed 
by Card et al. [21] and detailed based on their usage as sug-
gested by Li et al. [24].
	 Lastly, two proposed GOMS analysis techniques—the up-
dated GOMS model [20] and the gesture-level model [22]—
were applied to estimate the execution times of the 10 proto-
typical tasks. As seen in Table 2, the times of these operators 
were recorded separately for both models and added. The 
execution time of mental operators was fixed, as supposed 
by Card et al. [21]. 
	 This process was conducted independently by two evalu-
ators (HY and NZ) who are experienced in usability evalu-
ation. Cohen’s kappa test (SPSS version 23; IBM Corp., 
Armonk, NY, USA) was applied to calculate the interrater 
agreement.
	 Ethical approval was granted by the Akdeniz University 
Faculty of Medicine Clinical Research Ethics Committee 
(02.10.2019/899).

III. Results

Table 3 provides an overview of the estimated completion 
times for each task in seconds, based on both the updated 
GOMS model and the gesture-level model. These times ex-

Table 1. Operators and execution times of the models used in this study

Updated GOMS  

5" (12.7 cm) device, experienced user

Gesture-level model  

iPhone 7: 4.7" (11.9 cm), expert users

Operator Time (s) Operator Time (s)

Prepare finger (E): Move finger to touch a  
specific part of the touchscreen

0.5 Pointing (P): Move finger from one part of  
the screen to another

0.34

Tap (T): Touch screen with finger 0.2 Tap (T): Tap an element on the screen 0.25
Drag (D): Move finger over surface 0.5 Drag (D): Move finger across the screen  

without losing contact with the screen 
0.44

Mental (M) 1.35 Mental (M) 1.35
GOMS: goals, operators, methods, selection rules.
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clusively accounted for task completion by expert users and 
did not factor in errors. Processes unrelated to task fulfill-
ment were disregarded. The identified 10 tasks exhibited 
varying step counts, ranging from 17 to 121, with an average 
of 39.8 steps. Each step was categorized as either mental or 
physical, with an average of 47.71% representing mental op-
erator steps.
	 The task completion times were computed using both 
the updated GOMS model and the gesture-level model. In 
the updated GOMS model, these times ranged from 16.40 
seconds, the shortest completion time for task 9, to 101.85 
seconds, the completion time for task 1. In the gesture-level 
model, completion times ranged from 15.14 to 97.06 secco-

nds. The mental step completion times constituted 72.61% 
and 75.91% of the total completion time in the updated 
GOMS model and gesture-level model, respectively.
	 The inter-rater reliability values ranged from 0.68 (task 7) 
to 0.88 (task 1), with an average of 0.80 for the 10 tasks indi-
cating good reliability of the evaluation method.
	 Table 4, using task 8 as an example, demonstrates how the 
10 specific tasks were deconstructed into individual steps 
and categorized as either physical or mental operators. A 
further examination refined the mental operators, specify-
ing the required mental actions. The analysis reveals that the 
MF, MV, and MR operators accounted for 52.72%, 21.2%, 
and 16.3% of the total mental operators, respectively. Table 

Main sections

Hospital visits

Diseases

Prescriptions

Radiological images List of radiological images Details of radiological images

Tests

Materials and devices

Reports List of reports View details

Allergies

Emergency notes

Documents

Organ donation Select organ/s

Vaccinations calender - View
- COVID-19 vaccination status

Informing patients and relatives

Bone marrow blood donation

Insurance transactions

My epicrisis information

My pathology information

Wearable

All visits Details of visit

Appointments - Add appointment
- View appointment
- Cancel appointment

Details of the selected diseasList of diseas

List of prescriptions Details of the selected prescription

List of blood tests - Filter by year
- Out of reference
- COVID-19

- Drugs
- Other

- Add
- View
- Edit
- Delete

- Add
- View
- Edit
- Delete

- Add
- View
- Edit
- Delete

- Patient
- Relatives

- Blood
- Bone marrow
- List of blood donation centers

- Add
- View
- Edit
- Delete

Additional menu

Menu

COVID-19 vaccine

Smart assistant

Visit feedback

Quick share

My notifications

- Make an appointment
- Vaccine status

Visualization of existing diseases

Share health information

List and details of notifications

- Graphics
- My profile
- Security
- Emergency
- Hospitals
- Pharmacy on duty
- Make an appointment
- Generate temp. PWD
- Feedback
- Invite to e-Nabiz
- Illumination text
- E-Nabiz call center
- Logout

Figure 1. Menu structure diagram of e-Nabız.
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5 displays the distribution and quantity of mental operators 
across tasks. The calculated average execution times in both 
models are presented in Figure 2.

IV. Discussion

This study aimed to estimate the efficiency of e-Nabız, the 
Republic of Türkiye’s national mPHR application, in terms of 
cognitive load and task completion times. The calculation of 
task completion times revealed that, according to the updat-
ed GOMS model, all tasks took approximately 5.70 minutes 
(342.10 seconds), while the gesture-level model estimated 
it as 5.45 minutes (327.25 seconds). In the updated GOMS 
model, mental operators constituted around 73% of the total 
time required to complete tasks, whereas in the gesture-level 
model, this ratio was approximately 76%. This notably high 
proportion of mental operators may lead to excessive cogni-
tive overload and, consequently, an increased likelihood of 
user errors.
	 The average time for mental operators was calculated at 
1.35 seconds according to the updated GOMS model, while 
that for physical operators was 0.44 seconds. In contrast, the 
gesture-level model utilized a time of 0.37 seconds for physi-
cal operators. It is important to note that these times may be 
longer for novice users, as the models are based on expert 
users, and the potential for errors among less experienced 
users is not factored into these calculations.
	 Among the 10 prototypical tasks, the tasks of “making an 
appointment” and “adding reminder information to the 
prescribed medication from the last doctor visit” had the 
highest total number of steps and mental steps a user needs 

to go through, respectively. The need for 121 steps (56.2% of 
which were mental) to make an appointment can potentially 
lead to mental load and fatigue for the user. Similarly, the 
task of adding a medication reminder involved a significant 
total step count (80) and a substantial percentage of mental 
operators (55%), increasing the likelihood of user errors that 
could adversely affect their health.
	 Saitwal et al. assessed the performance of an Electronic 
Health Record (EHR) system using CTA, evaluating 14 
tasks, and they noted that 37% of the time required for task 
completion was attributed to mental operators, [13]. In an-
other study evaluating the usability of a dental EHR system, 
ten users were asked to complete four typical tasks in 30 
cases. The study’s findings revealed that mental operators 
accounted for 35.30% of the total number of operators and 
56.89% of the total time [28]. In our study, we found that 
the average percentage of mental operators was 47.71%, 
comprising a significant portion of the total execution time 
(73%). Interestingly, the results from these prior studies, 
even though they centered on EHR systems, align with our 
PHR evaluation study, highlighting the substantial presence 
of mental operators.
	 GOMS analysis, when used alone or in combination with 
other usability tests, provides valuable insights for system de-
sign and evaluation. It allows the prediction of the sequence 
of physical and mental operators a user will employ to com-
plete a task, aiding in design decisions regarding whether 
to add a new sequence or remove inefficient ones [26]. Ras-
mussen and Kushniruk [18] identified inefficient sequences 
of user interactions through video analysis and observations. 
Using GOMS-KLM analysis, they demonstrated an example 

Table 2. Time calculation of subtask 1 (“view hospital visits list)” of task 4 (“view past physician visits”) with the updated GOMS model 
(UG) and gesture-level model (GL)

Step Step description
Cognitive  

distribution
Operator

Time (s)

UG GL

1 Preparing for the task Mental MI 1.35 1.35
2 Thinking about where to find doctor visits Mental MF 1.35 1.35
3 Pointing finger to the screen Physical P 0.50 0.34
4 Scroll down the screen two times Physical 2*D 1.00 0.88
5 Recognizing the “All My Hospital Visits” button Mental MF 1.35 1.35
6 Pointing the finger on the “All My Hospital Visits” button Physical P 0.50 0.34
7 Tap the “All My Hospital Visits” button Physical T 0.20 0.25
8 Confirming found physician visits Mental MV 1.35 1.35

Goal accomplished (sum) 7.60 7.21
GOMS: goals, operators, methods, selection rules, MI: mentally initialing a task, MF: mentally finding, MV: mentally verifying, P: 
pointing, D: drag, T: tap.
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of a redesigned system that eliminated inefficient interac-
tion sequences, resulting in a remarkable 44.6% reduction 
in theoretical task completion time. A more recent usability 
assessed the physical and cognitive efficiency of both the 
original and redesigned electronic medical record (EMR) 

interfaces. Their evaluation included various metrics such as 
the NASA Task Load Index, KLM-GOMS, and eye-tracking 
analysis. While their findings revealed a significant decrease 
in response time only for one specific task, they observed 
substantial reductions in the mental workload across mul-

Table 4. GOMS analysis for task 8 (“recording medication side effects”)

Subtask Step Step description Operator

Subtask-1: View prescription list 1 Preparing for the task MI
2 Searching “My Recipes” button MF
3 Pointing finger to the screen Physical
4 Scroll the screen two times Physical
5 Finding the “My Recipes” button MF
6 Putting the finger on the “My Prescriptions” button Physical
7 Tap the “My Recipes” button Physical

Subtask-2: View the desired recipe 8 Remembering which physician prescribed the medicine on which date MR
9 Search in the list MF

10 Deciding if the physician visit is on the List MD
11 Pointing finger to the screen Physical
12 Scrolling the screen until finding the physician visit Physical
13 Finding the physician and the date the medicine was written MF
14 Putting the finger on the date the medicine was written Physical
15 Touching the date, the medicine was written Physical

Subtask-3: View the desired drug 
and its information

16 Remembering the name of the drug MR
17 Finding the name of the drug from the list MF
18 Pointing to the name of the drug Physical
19 Tapping the name of the drug Physical
20 Confirming that the correct drug has been selected MV

Subtask-4: Entering side effects 21 Noticing the “Add” button in the “My Side Effects” field on the  
incoming page

MF

22 Move finger to “Add” button Physical
23 Tap the “Add” button Physical
24 Noticing the “Symptom” field on the incoming screen MF
25 Pointing finger to “Symptom” field Physical
26 Tap the “Symptom” field Physical
27 Pointing finger to virtual keyboard Physical
28 Remembering symptoms MR
29 Entering the symptoms Physical
30 Confirming correct entry MV
31 Detecting “OK” button MF
32 Moving finger to “OK” button Physical
33 Tap the “OK” button Physical
34 Confirming entered information MV

GOMS: goals, operators, methods, selection rules, MI: mentally initialing a task, MF: mentally finding, MR: mentally retrieving, 
MD: mentally deciding, or choosing, MV: mentally verifying.
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tiple tasks in the redesigned EMR [27].
	 We have not identified any similar studies that evaluate 
mobile health applications on smartphones using the GOMS 
model. Existing assessments in the literature primarily focus 
on applications used on desktop computers and employ the 
KLM model. Consequently, it is not possible to directly com-
pare our findings with prior data.
	 In the context of this study, we calculated task execution 
times using two distinct models specifically developed for 
mobile devices, and the results from both models closely 
aligned with each other. Any minor time variations could 
likely be attributed to the varying dimensions of the devices 

employed in the models. As such, mHealth evaluations can 
be effectively carried out using either model, although the 
actual calculated times will naturally vary based on the di-
mensions of the specific smart device used.
	 In this research, we chose to evaluate the 10 most frequent-
ly performed tasks to assess mobile PHRs. However, for in-
creased reliability, evaluating all tasks would be ideal. Given 
the extensive range of smartphone models available in the 
market, the completion times for tasks are likely to differ due 
to variations in smartphone sizes. Furthermore, it is impor-
tant to note that our evaluation was conducted exclusively 
on the Android operating system, but similar calculations 
can be applied to other smart device systems available in the 
market.
	 The need to validate the GOMS model for mobile devices 
is apparent; however, the ever-evolving landscape of phone 
models poses a challenge. Adapting the GOMS model to ac-
commodate these constantly changing devices is necessary. 
The rapid turnover of mobile phone models in the market 
restricts the feasibility of validation efforts. Additionally, it 
is essential to note that task time calculations are primarily 
based on expert users, and these times may vary for novice 
users. Furthermore, potential errors, interruptions, and sys-
tem response times while using the application are not fac-
tored into these calculations.
	 Moreover, there exists a web version of the mPHR, provid-
ing users with an alternative means to access and manage 
health information. Differences may exist between the mo-
bile application and the web version, and the latter can be 
assessed using KLM models designed for desktop computer 

Table 5. Number and total of mental tasks per task

  MI MR MF MD MV Sum

Task1 1 8 30 4 10 53
Task2 1 1 7 1 3 13
Task3 1 1 5 0 2 9
Task4 1 4 6 0 5 16
Task5 1 7 18 1 9 36
Task6 1 2 7 0 3 13
Task7 1 2 6 1 1 11
Task8 1 3 8 1 3 16
Task9 1 1 5 0 1 8
Task10 1 1 5 0 2 9
Sum 10 30 97 8 39 184
% 5.43 16.30 52.72 4.35 21.20 100

MI: mentally initialing a task, MF: mentally finding, MR: mentally retrieving, MD: mentally deciding or choosing, MV: mentally 
verifying.
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Figure 2. ‌�Average execution time for mental and physical opera­
tors in tasks according to the updated GOMS model and 
gesture-level model. GOMS: goals, operators, methods, 
selection rules.
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usage.
	 The findings from this research underscore a significant 
usability challenge related to cognitive overload in a mobile 
app with millions of users. These results can inform the de-
velopment of more user-friendly mobile health applications, 
thereby enhancing their usability. Reducing the cognitive 
load during the use of mobile health applications can con-
tribute to the increased adoption and effective utilization of 
these apps, ultimately benefiting public health.
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