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Abstract: There are many social software’s in the market, but not all of them are being utilized probably due to complicated user
interface features, memorability of the software is difficult or due to very difficult language used in the application. The main purpose of
this paper is to design the mobile social software learnability prediction tool, to assist the prediction of the learnability of the social
software before it is released to the market. A sample of 361 respondents was selected, with 345 respondents returning feedback. Primary
data was collected through the use of questionnaires targeting mobile social users in Central Rift valley of Kenya. Social networks were
targeted include, WhatsApp, Facebook and Twitter. Data analysis was done using descriptive statistics. Principal component analysis
was used to selected the most significant variables that were uses in the design of the tool, the variables that were considered include
Customization, Satisfaction, Software consistency, User interface features, Language complexity and Memorability. Results from the

tool were used in the prediction of social software learnability.
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1. Introduction

Learnability is a quality of products and interfaces that
allows users to quickly become familiar with them and able
to make good use of all their features and capabilities.
Learnability is one component of usability and is often heard
in the context of user interface or user experience design, as
well as usability and user acceptance testing [1].

A very learnable interface or product is sometimes said to be
intuitive because the user can immediately grasp how
to interact with the system. First-time learnability refers
to the degree of ease with which a user can learn a newly-
encountered system without referring to documentation,
such as manuals, user guides or frequently-asked questions
lists [2].One element of first-time learnability
is discoverability, which is the degree of ease with which the
user can find all theelements and featuresof a
new system when they first encounter it. Learnability over
time, on the other hand, is the capacity of a user to gain
expertise in working with a given system through repeated
interaction [3].

Learnability can be optimized by creating simple user
interface designs that are predictable in layout and
navigation. A great way to improve learnability is by finding
out what the expectations of your users are before they use
the application [4]. This can be in a focus group or
through requirements engineering. Usability testing can also
be used to discover how quickly end users pick up how to
use the application. If the usability test is carried out several
times with the same user at different intervals, you can also
see how memorable the application was. Feedback can then
be used to optimize the learnability of an application,
increasing its chances of success on the market [5].

There are many social software’s in the market, but not all of
them are being utilized, is it a learnability issue? The main
purpose of this paper is to design the mobile social software
learnability prediction tool

2. Related works

The speed of adoption is not the only criteria why
learnability matters. Application that looks familiar and
provides an understandable interface will result in a lower
bounce rate. This is especially useful for applications that try
to boost their conversion rate [6]. A complex design scares
users and they will resort to other tools that provide a clear
interface. In the end, the goal of every application is to
convert an occasional user into a repeated user and engage
the user for interaction [7].

The learnability of application can be measured in the

following ways:

a) Effectiveness: The number of functions learned, or the
percentage of users who successfully learn and use the
product [8].

b) Efficiency: The time it takes someone to learn (or re-
learn) how to use a product, and their efficiency in doing
so [9].

¢) Satisfaction: The perceived value the person associates
with their investment (time, effort, cost) in learning how
to use the product [10].

d) Errors: The number of errors made, the ability to
recover from those errors and the time it takes to do
so[11]

2.1 Requirements for the SSLP Tool

The design of this tool was guided by factors affecting
learnability of social software applications. To start with the
need for such a tool was informed by confirming the
concerns that the learnability of mobile social software that
include memorability, user interface features and program
complexity so as users can easily learn and utilize mobile
social software as some software’s are difficult to utilize and
even for the user to explore all functionalities in the software
system at any given time [12].

Principal component analysis was used to select the
variables to be used in the design of the model. Principal
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components analysis is statistical technique used for data
reduction. This method is applied to a single set of variables
when the researcher is interested in discovering which
variables in the set form coherent subsets that are relatively
independent of one another. Variables that are correlated
with one another but are largely independent of other sets of
variables are combined into factors [13].

These factors allowed researcher to condense the number of
variables in the analysis by combining several variables into
one factor. The specific goals of principal components
analysis is to summarize patterns of correlations among
observed variables, to reduce a large number of observed
variables to a smaller number of factors, to provide a
regression equation for an underlying process by using
observed variables.

The variables considered included customization (-0.42)
satisfaction (-0.026), Consistency (-0.08), user interface
features (0.013) program complexity (0.264),
memorability(1.199) after the analysis it was found that
satisfaction, customization, and software consistency had a
non-significant negative regression weights of -0.026,-
0.042,-0.076 and -0.008 respectively indicating respondents
with higher scores on this scale were expected to have lower
influence on learnability, after controlling for the
intervening variables in the model this led to the exclusion
of the variables in the model and it produced an r* of 0.8%
which is very low. The remaining factors include user
interface, program complexity and memorability; they are
discussed below in detail [12].

The user interface analysis findings points out that interface
features may affect learnability across the three social
networks, the coefficients was found at 0.013. This implies
that the type of user interface of particular software
influences its learnability by either improving it or
decreasing it when the interface is quiet unfriendly. A
software should promote users ease of use also the results
indicate that as the interface allow users to recover from
errors, icons or commands becoming clear and likeable to
the specific functions, provides the user with enough
suggestions and prompt towards the right usage, provides
the feedback when errors occur and provide the user with
help facilities, all the factors discussed increase the tendency
of learnability [12].

Program complexity is another factor that affects learnability
findings had indicated that there is a direct relationship with
learnability with the coefficients found at 0.264. The
Analyzed data supported the relationship between
learnability and program complexity. This implies that as the
as the program in the social software and in the users' guide
becomes clear and easy to understand learnability increases
in equal measure. This could be further illustrated when the
program is consistent for various operations and when the
program is able to manage errors during data entry the
learnability of the software is enhanced [12].

Another critical factor software memorability influences the
learnability as the software’s that are easy to remember are
regarded to be learnable compared to software’s that are
hard to memorialize. The findings indicated that learnability

will increase in a user when he or she is capable of
remembering how to operate the icons earlier encountered, it
had a coefficients of 1.199. Memorability as a factor
influencing learnability as users having difficulty in
executing such operations will have low learnability scores.
Furthermore the finding implies that learnability will
increase in a user when he or she is capable of remembering
how to operate the icons earlier encountered. The regression
coefficients obtained from the analysis formed the
coefficients for the model [12].

2.2 Derivation of Metrics Based on the Goal Question
Metric (GQM) Approach

After identifying the key variables in the model architecture
the next step was to develop a framework that would help in
identifying metrics that would be used to implement the
proposed model. To do this the researcher used the goal
question metric (GQM) approach for deriving metrics as
proposed by [14].

The Goal-Question-Metric (GQM) approach is a proven
method for driving goal-oriented measures throughout a
software organization. With GQM, we start by defining the
goals we are trying to achieve, then clarifying the questions
we are trying to answer with the data we collect. By
mapping business outcomes and goals to data-driven
metrics, we can form a holistic picture of the Agile
environment and clearly articulate how we are doing across
the span of the design[15]. The following in order to
ascertain the necessary metrics for the SSLP.

2.2.1 Deriving Metric for Memorability

Goal to improve learnability of mobile social software
(reduce learnability challenge)

Question 1.1 How can memorability of mobile social index
of a user be (MI) determined?

Metricl 1.1 Percentage of tasks executed for a over a
specified time.

2.2.2 Deriving Metric for User Based Features

Question 1.2 How can user interface features affect mobile
social user during the execution of different tasks (User
interface index) be determined?

Metric 1.2.1 Percentage of tasks executed through user
interface features over a specific time.

2.2.3 Deriving Metric for Program Complexity

Question 1.3 How can program complexity index (PCI) be
determine?

Metric 1.3.1 Percentage of commands executed over a
specified time.

The working formula to develop the model is as follows:
Learnability = 4.149+ (User interface features x 0.013) +
(Program complexity x 0.264) + (Memorabilityx1.199) +
1.763

Where : Learnability is a constant holding a value of 4.149,
while on the user interface, memorability and program
complexity have constants as shown on the formula above
but the user will enter values from for the respective sub
metrics it will depend on the values that will be selected by
the user where by the minimum value will be one and the
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maximum value will be five in the given question, after the
user has selected the options they will be computed and the
total will be achieved for each sub metric.

The minimum value will be seven when the user has
selected the very lowest option only, for all the questions in
the given sub metric and maximum value for each sub
metric will be thirty five when the user has selected the
highest option then it will be multiplied with the respective
constants in each sub metric as stated in the above formula.

For the ideal situation of learnability the score will be above
64.25 percent meaning the user is confident of the user
interface used in that particular software ,the user has good
memorability of the commands used in that software and
lastly the user can easy recall number commands used in the
language and lastly he can execute and number of tasks even
if some will be challenging to execute t any given time it
cuts across the three social software’s that were used in this
research and will be considered as ideal situation for this
model.

According to this model the best case scenario for
learnability is indicated when a given user can execute all
tasks which has been assigned or tasks on the particular
software then his learnability scale will be ranked as the
excellent. In this case after adding all sub metrics and
applying the learnability formula, value of 35 was achieved
when the user has selected excellent option which has five
points multiplied by the seven variables used in the model, if
the points earned are between 82.12 to 100 then it translates
to best case the calculation are demonstrated below:

Learnability = 4.149+ ((User interface features) 35 x 0.013)
+ ((Program complexity) 35 x 0.264) + ((Memorability) 35 x
1.199) + 1.763 = 100%

These calculations will translate to 100 percent learnability
for the given user, but depending on the selection for
different sub metrics it must be between 82.12 to 100
percent.

While the worst case scenario is indicated when a given user
can hardly execute most of the tasks assigned to, in most
cases he can start a task but he may never be able to execute
a task to its logical conclusion, then his learnability scale
will be ranked as poor, this implies the user is not familiar
with that particular software and the level of utilization is
poor as probably the software may be new in the market or
may have a complicated user interface.

In this tool the learnability of the user has a minimum value
of 28 percent, this means when the user utilizes the social
software ,the user is aware of different applications and
those applications that have similarities in functionality,
further the program, images and icons used can guide or
prompt the user to its right usage however he may not recall
the most commands used as they may be different as
compared to other applications hence making the
memorability to have a higher lower value and generally
learnability will be have lower value.

In this case after adding all sub metrics and applying the
learnability formula it will translate to maximum of 28
percent, the computations are demonstrated below:

Learnability = 4.149+ ((User interface features)7 x 0.013) +
((Program complexity) 7 x 0.264) + ((Memorability) 7 x
1.199) + 1.763 =28.4

The scale can be presented in Figure 1

Worst Case Bange of Best Caze
Scenario lezmablity Scale Scenatio
| - |
I 1
28 % 100 %a

Figure 1: Scale of Learnability Assessment Model

The learnability assessment tool considers that the fact the
best scenario when the user is able to login in to the system
and do all tasks assigned. This means even if the given
software or task assigned to is difficult the user is able to
accomplish that task in the stipulated time frame and the
learnability curve will at the highest level in a graph, further
it does not consider how many times the user has utilized the
software.

Worst case scenario is when the user is not able to
accomplish any task assigned to within stipulated time to
due to the low memorability of the software, due to
complicated interface that makes the user difficult to
remember or difficult language that make the language not
easily remembered by the user. The model does not consider
how long the user has utilized the given software.

For the purpose of interpretation of the results for mobile
social software learnability the scale was transformed into
Likert scale as presented in Table 1

Table 1: Interpreting Results for Mobile Social Software

Learnability
Poor | Fair | Good | Very Good | Excellent
0-28 | 29-46 | 47-64 65-82 83-100

The learnability is presented in terms of percentages which
indicates the number of tasks which a user is able to execute,
this percentage has the range, where by the range indicates
the total number of points which a given user has scored for
instance 0-28 it means the user can hardly execute any task
assigned to indicating has low learnability of the given
software which is using to execute that task.

When the user executes a number of tasks assigned to then
the learnability increases and it can fall in subsequent scales
from fair to very good , but when the user executes all tasks
within the given time limit then his learnability is said to be
excellent.

3. Methodology

The paper adapted mixed research design. The primary data
used in the paper was collected from a survey, targeting
mobile social software users. Survey was used as it allows
you to measure the significance of the mobile social
software on the overall population, the target population was
6,000 and the sample size 361 of respondents was selected.
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Experiment were also used to test the memorability of the
mobile social software users by assigning the users specific
tasks to perform the sample size of 30 respondents was
selected. The study achieved 95.3% response rate of the
target. This response rate was considered appropriate for
analysis and reporting as supported by [16]. indicating that
response rate of 90% and above is excellent. Descriptive
statistics were computed, the results are tabulated in the next
section.

4. Results

As can be seen in Table 2, User Interface Features, Program
complexity and Memorability had positive regression
weights of 0.013, 0.264 and 1.199 indicating respondents
with higher scores on this scale were expected to have
higher influence on Learnability, after controlling for the
other variables in the model. The dependent variable for the
model is Learnability, during this analysis significance was
at 95% confidence level. Hence the three variables were
used to design the tool. Learnability weights were computed
and results are tabulated as shown in Table 2.

Table 2: Learnability Weights

Model Unstandardized CoefficientdStandardized Coefficienty  t Sig. Confidence Interval for B
B Std. Error Beta Lower Bound| Upper Bound
(Constant) 4.149 0.650 6.39 | 0.000 2.871 5.427
Customization -0.042 0.067 -0.036 -0.64 | 0.525 -0.174 0.089
Satisfaction -0.026 0.064 -0.022 -0.40 | 0.691 -0.152 0.101
Software consistency | -0.008 0.064 -0.007 -0.12 | 0.903 -0.134 0.118
User interface features| 0.013 0.026 0.011 0.50 | 0.620 -0.039 0.065
Language complexity| 0.264 0.029 0.234 9.03 | 0.000 0.206 0.321
Memorability 1.199 0.035 0.769 34.49 | 0.000 1.130 1.267
a. Dependent Variable: LERNABILITY
5. Conclusion Ergonomics in Manufacturing &  Service

The findings for determining learnability factors affecting
mobile social software applications, indicated that there exist
a strong positive and statistically significant relationship
between user interface features and learnability, The
findings further indicate that there exist a positive and
statistically significant relationship between social software
program complexity and learnability, this implies that as the
user uses the social software the program in the social
software becomes easy and the users' guide becomes clear
and easy to understand thus learnability increases in equal
measure. The research also found that memorability has a
strong positive and statistically significant relationship as
per the results of the research, this implied that users who
can remember how to perform an operation with ease have
high memorability and this improves with time as the user
utilizes the social software. The tool was designed.
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