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Abstract: Designing and prioritizing test cases is a very tedious 

task. Given all the advancements in the world of software testing, 

on any given day engineers spend several man-hours to identify 

all possible testing scenarios and preconditions attached with it. 

Test engineers then use the scenarios and preconditions to write 

multiple test cases. Every test case has a template skeleton to 

follow - expected results, actual results, priority, test suite category 

classification (regression, sanity, smoke, integration, etc.), and the 

respective software (i.e. version, build, release etc.) that has to be 

tested. Until now there have been efforts to make test case 

designing simpler by providing software test engineers with tools 

and processes. But these tools and processes still needs 

considerable amount of manual intervention in terms of 

understanding the requirements, analyzing the quality risks and 

documentation of all possible test scenarios in order to ensure a 

high quality software delivery. Man-hours spent on test case 

design and test case prioritization is directly proportional to the 

cost involved in building software. Our goal was to make sure that 

the manual intervention in test case design and test case 

prioritization is reduced to minimum without imposing any 

software quality risks. So, that the cost to ship and build software 

is reduced. With this paper we are presenting a solution to this 

problem. Our goal here was to use machine learning [5] to do 

automated test case prioritization and creation of test cases for 

software. In order to achieve this goal we used supervised machine 

learning [6] approach based on K-Nearest Neighbor classification 

model for test case design and test case prioritization [4]. On 

experimenting with other linear and non-linear classifiers we 

learnt that they did not prove to be as accurate as K-Nearest 

Neighbor. Our method of machine learning based automated test 

case design and test case prioritization can be used by any 

software development organization to reduce it’s software 

development cost and time taken to ship software to their 

respective consumers. This aims to benefit the software 

development industry as a whole.  

Keywords : Test Case Design, Test Case Prioritization, 

Machine Learning, Supervised Learning, K-Nearest Neighbor 

Classifier, Software Development, Software Testing.  

I. INTRODUCTION 

As the software development shifts more towards being 

highly agile, the demand to ship code faster is at an all time 

high, particularly with the adoption of mobile and cloud based 

infrastructure technology services. One important driver is the 

fierce competition from other competing technology 

companies. Most of the development teams are adopting 

continuous integration [2] and continuous delivery [7]. Every  
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organization is focused on building better, smarter and 

reliable software applications with customers in mind. With 

prime focus on mobile applications, organizations still 

maintain capability for the users to interact with the provided 

respective services via web and application programming 

interfaces. Technology companies follow a growth mindset 

wanting to engage more and more users on all available 

channels. In order to meet these expectations in a fast paced 

agile methodology a software test engineer has to work with 

higher efficiency. They should become capable enough in 

using the latest tools and technologies available at their 

disposal to catch defects at the earliest possible stages of 

development. The cost [17] of fixing the defect increases 

exponentially; later a defect is found in the software greater is 

the cost to fix it. The cost of defect found in production 

environment is far more than to fix it at an early stage in 

testing environments. In order to find bugs as early as possible 

the software application has to be tested for all possible test 

scenarios, conditions, pre-conditions and permutations & 

combinations of the test data. 

So how can a software test engineer keep track of all these 

hundreds of combinations along with applying those set of 

test cases to test the software application successfully. The 

most efficient way to do this has been to create a suite of all 

the possible test cases to test respective software application, 

feature, or functionality. But designing of test cases has 

always been a manual and time-consuming task. Test case 

execution and automation is much more interesting compared 

to test case design. Reason being, with test design one has to 

think and articulate the steps you would follow in order to test 

certain functionality of the software under test. On the other 

hand, in test automation or test case execution, a test engineer 

feels a little more driven as exploring, finding and looking out 

for hidden defects seems to be an engaging and interesting 

work. However this hypothesis is not entirely true and it 

depends on individuals’ interests and preferences. 

Absence of test design documentation is bound to create gaps 

while testing certain test scenarios, without any sort of track 

and follow mechanism. It is extremely difficult memorizing 

and applying all the numerous possible test cases. 

Acknowledging and accepting the importance of test case 

design, finding a solution for the drawbacks in the design 

process is extremely crucial. It is well known fact that any 

manual repetitive job is inefficient, unreliable, tedious and 

time [1] consuming task. All of those factors are immense 

drawbacks where a need for reliable automation is much 

needed. Due to rapid changes in functional development 

under agile [15] methodology, test engineer spends a ton of 

time writing and re-writing test cases.   
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In order to solve this problem we focused on automating test 

case designing process. We devised and tested our design 

engine which is based on parser and machine learning [6], 

[17] logic to automatically prioritize, categorize and generate 

test cases for non-complex User Interface (UI) elements of 

mobile and web applications.  

II.  APPROACH 

A. Selection of Data 

We used a test suite of written test cases, which were created 

for testing user interface of an application. The test suite that 

we started with was designed to conventionally follow 

different flows in order to test the application. These test 

flows traversed through different user interfaces to perform 

certain actions on the application under test i.e. website, 

mobile application. For example: Login page with 3 user 

interface elements - user id text field, password text field and 

login button uses these elements to login with valid test user 

credentials. With a different flow two of these elements (User 

Id and Login button) and a new element i.e. reset password 

link or forgot password link can be used to test a different 

flow. 

In order to derive a machine learning [6] based mechanism 

that can predict test cases along with their priority [3] and test 

suite category [20], we needed to have a dataset, which could 

be used to build our machine-learning model. For testing a 

flow in the application it is necessary to determine the quality 

of the overall functioning of the respective system. However 

the pages in the test flow change, based on the functionality 

we are testing. Following a test flow based test cases reference 

is not suitable to provide relation between a web page, its user 

interface elements, test case priority [13] and test case 

category [20] in a way that could help build a predictive 

model. Additionally, test flow based test design provides the 

steps to help determine whether the software application 

works as expected under given conditions for a functionality 

involving transition of web pages or flow of data etc. 

Below is an example of a traditional test case based test 

design. 

Table -I Traditional Test case design flow 

 
Below is the test case design [19] based on our approach to 

derive data for our predictive machine-learning model 

 

 

 

 

Table-II Non-Traditional - Dataset Requirement Based 

Test Case Design Structure 

 
If we had used an existing test suite that is based on test flow 

based test case design methodology it would have been 

difficult to parse and manually quantify test cases for specific 

user interfaces. Instead we created a new test suite manually 

first by taking the traditional test suite based on test flows as 

reference. In the new test suite, we created test cases for a 

particular web page, which basically were test cases for web 

page’s respective user interface elements. For example: A 

login page test had 3 user interface elements i.e. login button, 

user id field and a password field. We wrote tests for each 

button and respective field. We used individual website pages 

as our source of test cases related data. Our intention is to use 

this dataset of test cases to predict a model that provides us 

with test cases to be applied to a new page.  

We wish to know the priority [3] of those tests along with the 

category they should be placed under. We started with an 

approach to look at each page of the website as a standalone 

application. Next we recorded the following parameters for 

the test cases of each page like User Interface elements 

present on the page, priorities [3] of test cases for that page for 

each user interface element, number of test cases for that page 

for each user interface element, time taken to execute these 

test cases per user interface via test automation, test cases per 

test case category per user interface element i.e. regression 

[11]/sanity/smoke/integration etc. Below is an example of 

how table looks for one page – 

Table-III Test Case Parameters Mapping Diagram 

Example 1: 

 
 

Table-IV Test Case Parameters Mapping Diagram 

Example 2: 
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This table clearly establishes relation between different 

parameters obtained for a test case. We further wanted to use 

this type of test case design methodology to find a pattern 

between positioning of certain user interface elements 

together and the impact of that positioning on the different test 

cases based parameters. For example: if the login button and 

two text input fields for user id and password are found on a 

page together then the test cases has high priority and the test 

cases category is sanity and regression [11] both. In the same 

way if this combination of user interface elements occur on 

any other page like a form submitting page which has 3 input 

text fields and a submit button. Then again the test case 

priority is high and the test case category falls under 

regression [11] and sanity both. Humans can easily 

understand that whenever data input occurs and it is sent over 

to some backend service using a button tap action this test 

case is generally of high priority. This kind of pattern 

recognition between the aforementioned parameters was 

crucial for our machine-learning model to work. If we would 

have take a test flow based approach then it was very difficult 

to find this sort of pattern in it. As the prime focus in that 

approach is based on testing a specific functionality to work 

and therefore using a test flow based approach to derive a base 

model was not feasible.  

We used this set of data in to evaluate different classification 

[21] models. In order to extract this data from the 

non-conventional test case design format we created a parser 

that parsed the excel sheets of the test cases. The parser we 

used in this case was written in Python [12] [18]. We used this 

parser to extract our dataset and then we stored this derived 

dataset from historic test cases in NoSQL database, which is 

easy to access and maintain. NoSQL database was chosen 

because we could easily interact with our dataset using 

NoSQL database API. Once the dataset was derived and 

stored in database. We needed to find a mechanism to extract 

user interface elements so that those could be used as input to 

predict test cases. 

B. Derivation of data 

In order to get the user interface elements for the application 

we wish to predict and create test cases. We had two choices 

to start with either we could have waited for the user interface 

to be complete or business requirement documents or flow 

documents to have description of the user interface elements.  

We decided to test both of these approaches out to find a 

solution that could be applied to any type of application i.e. 

mobile, web or any standalone application. We first tried out 

the approach to create a user interface page parser that could 

first generate an element tree of all the user interface elements 

present on a particular user interface page. Then we could use 

these extracted user interface elements as an input for our test 

case design [19] prediction. But the challenge we faced in this 

approach was that the same parser could not have been used 

for all types of user interfaces i.e. for mobile, web and 

standalone application. As for each of them the way to extract 

the element tree and parsing were unique. A user interface 

element parser for mobile could not extract user interface 

elements for web and in the same way a parser for standalone 

application could be used for mobile or web. Building this 

kind of parser itself would have been a time consuming task.  

So we tried to work on the other approach, which was to use 

the business requirement documents to find the user interface 

elements that would be used for the respective pages for a 

mobile, web or standalone application. This approach seemed 

to be very straightforward and easy to follow. The only work 

that we did was to go through the business requirements 

document and create a table for the user interface elements 

present on each page of the application. In future if this 

solution has to be standardized then we can make sure that the 

business requirement documents are of the desired format. So 

that it is programmatically possible to parse through these 

documents and extract the user interface elements. When the 

product managers or business consultants prepare the 

business requirements documents the document could be 

made in such a way that the user interface elements on each 

page could be easily parsed from it. We suggest the below 

given format for the same which we adopted for our parser.  

Once we obtain what all user interface elements are 

present on different pages of the application we create a 

table for the same. The table we created for few of the user 

elements is given below: 

Table-V Table with extracted user interface elements 

for a page 

 

 
Fig.1 Format for Businees requirement document 
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III. APPLICATION MODEL GENERATION 

A. Approach one-Element Prioritization 

We now have dataset for the machine learning [6] to learn 

from and another set of data that includes user interface 

elements for which it has to predict test cases and 

prioritization [4]. Our next step is to evaluate 

machine-learning algorithms [16] to find which one of the 

different classifications [21] models would best fit our 

requirement to provide test case prediction and prioritization 

[4]. Our primary goal is to predict the number of test cases 

with their respective priorities for a particular user element 

that is present on a respective page. Once we get these 

predicted values we can then manually map the relevant test 

cases based on our historic test cases and generate a whole 

new set of test cases. After many failed attempts we finally 

cracked the code.  

In the first test dataset we mapped the test cases count in 

which a respective user element was mentioned to the 

respective count of priority-based test cases. But this did not 

prove suitable to provide us with a mechanism to predict test 

cases for user elements present on certain user interface 

pages. As we could not enter number of prioritized test cases 

or count of test cases as input to predictive model to predict 

test cases for a new page with same or similar user [10] 

elements. So this data set was a failed attempt.  

Table-VI Login page 

 
In the second dataset we tried to use the count of prioritized 

test cases for respective user elements present on a page. 

Table-VII Data Set format for each page 

 
This dataset helped us understand the relation between user 

interface elements and number of test cases based on 

priorities. On the pages where we did not have any particular 

user interface element we marked its test cases as zero. This 

data set was derived for each respective page of the web site 

and then fed into our machine learning evaluation model. 

After trying the above approach we identified that this dataset 

also cannot predict test cases for a new user interface page.  

However this first approach of using User Elements, Test 

Case Priorities and Test Cases Count did not work for us. Our 

biggest learning was the stick with core fundamental of the 

design behind an application. The key to success for our 

system is its strength to determine the workflows and its 

accuracy in predicting the test cases for any given page based 

on the relationships learnt based on the historical data [2]. For 

this particular reason we had to spend time identifying a 

different approach. 

B. Approach two - User interface element count + User 

interface page mapping 

After realizing the failure in the above two different 

approaches of data set for the prediction model we came up 

with a mapping of data set that should work best. Following is 

about the data set we used: 

As input for our machine-learning model we provide count of 

element on a web page. With this we determine the relation of 

all different types of elements on the web page in 

consideration. Knowing the different types of elements and 

the relationship between them helps us determine a pattern of 

user workflows. These workflows eventually increase the 

match ratio for the new web pages. 

In the below table we are showing how different UI elements 

are present on different pages, giving an example mapping of 

pages to respective element types. 

Table-VIII Detail of Elements 

Page/Eleme

nt Count 

Eleme

nt 1 

Eleme

nt 2 

Elemen

t 3 

Eleme

nt 4 

Eleme

nt 5 

Elem

ent 6 

Login Text 

Field 

Text 

Field 

Button Check

box 

Butto

n 

Hyper

link 

Reset 

Password 

Text 

Field 

Button Button - - - 

Home Hyperli

nk 

Hyperl

ink 

Hyperli

nk 

Hyperl

ink 

Image Image 

Using the above mapping table we enter the count of each 

element type for each page to create mapping between page 

and element types. 

Table-IX Information of Button type 

Page/ Element 

Type 

Bu

tto

n 

Tex

tbox 

L

i

n

k 

Radio 

Button 

Check 

box 

Drop 

down 

Image 

Login 2 2 1 0 1 0 0 

Reset Password 2 1 0 0 0 0 0 

Home 0 0 4 0 0 4 2 

Each page has different count and set of UI elements so by 

mapping each type of UI element to a particular page we 

expect to derive a relation which can be used in future to make 

our test case predictions.  

Manner in which a relationship between the above 2 tables is 

generated can be described as below - 

Once a new page is entered in to the system as historical test 

cases, we identify the different types of elements on the page 

and extract the count of each element on respective pages.  

Using this as input data for our prediction algorithm, we 

determine the closest resemblance page. Now as we know the 

closest resembling page we look into its historical test cases 

[14]. And due to the similarity and close resemblance of the 

pages, we can now use the historical tests cases as a starting 

point for the test cases design of the new page. As the number 

and type of UI elements are largely similar on both the pages  

t is seen that flows and priority 

of the test cases also remains 

similar [10].  
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For example if we found that the Submit Page (Historical) is 

similar to the Contact Us page (New) then we find that most of 

the test cases of high priority like test to fill and submit the 

information. Test to check the validations for text fields; Test 

to check for positioning of UI elements etc. remains identical. 

So when we tested this approach the results derived from the 

machine-learning model also indicated that the predictions 

were good and test case design [19] and prioritization [4] was 

largely precise.  

 

 
Fig.2 the process flow for our Test Case Design [19] 

Prediction and Prioritization 

As explained in section II we select data i.e. historical test 

cases [9]. After data selection as described in section 2.2 we 

derive training data sets in desired format and create mapping 

of pages to its respective elements. This training data set is 

used to evaluate classification [21] based machine learning 

models. The new page for which we wish to predict test case 

design [19] and test case prioritization is also mapped to its 

respective elements. This data set becomes the input data set 

for the machine learning models evaluation process.  

In order to test whether our test data is good enough to give 

any precise predictions we used mapping of all the pages for a 

website to their respective UI elements. Pages used for test 

dataset was from About, Careers, Cart and Contact pages. The 

UI elements that we mapped were button, toggle, hyperlink, 

and image. This mapped relation based data set was then 

divided into validation and training sets. Validation data set 

was a train test split with test size of 0.20. When this data set 

was validated we used Logistic Regression (LR), Linear 

Discriminant Analysis (LDA), K-Nearest Neighbor Classifier 

(KNN), Decision Tree Classifier (CART), Gaussian Naive 

Bayes (NB) and Support Vector Machine (SVM) algorithms 

to evaluate the training. It was found that consistently the 

K-Nearest Neighbor Classifier algorithm came out to be the 

most precise. The test result obtained shows comparison of 

results obtained for respective algorithms used: 

 
Fig.3 Complete flow diagram 

Now after the training and getting the validation results with 

precision we used a new page data set i.e. Registration Page to 

test the prediction on input data. The results came out to again 

show that K-Nearest Neighbors Classifier algorithm was the 

most precise in predicting that the Contact page & Careers 

page were most similar to the Registration Page. Below are 

the results of few attempts to predict the same successfully 

When the predicted results came we referred to the historical 

test cases and their priority for Contact and Careers page. This 

gave us an insight that how many test cases for high, medium 

and low priority needs to be created. For example: Contact & 

Careers page both has 2 High Priority tests. First test is to fill 

up the information on respective pages and the second one is 

to submit the information, which actually gets delivered via 

mail. 
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Fig. 4 Algorthim Comparison 1 

 

 
Fig. 5 Algorthim Comparision 2 

 

 
Fig .6 Algorthim Comparison 3 

Here is one of the prediction results in tabular format: 

Table-X Prediction Result 

Page Precisi

on 

Recall F1-Sco

re 

Suppor

t 

About .94 0.8 .89 5 

Careers 1.0 1 1 7 

Cart 0.88 .92 .93 7 

Contact 1.0 1 1 5 

 

When the predicted results came we referred to the 

historical test cases and their priority for Contact and 

Careers page. This gave us an insight that how many test 

cases for high, medium and low priority needs to be 

created. For example: Contact & Careers page both has 2 

High Priority tests. First test is to fill up the information on 

respective pages and the second one is to submit the 

information, which actually gets delivered via mail.  

This gave us a starting point that the new Registration 

Page should have at least 2 High Priority test cases. Seeing 

that all these three pages largely serve the same purpose 

i.e. to fill some information and then submit it. This 

showed that our prediction was accurate and it logically 

was also valid. So we used this information to devise high 

priority test cases for Registration Page. This proves that 

the test case design [19] and prioritization can be 

successfully predicted using our method described above.  

IV. CONCLUSION 

The relation between historical test cases, user interface 

element types (present on the user interface pages for which 

these test cases were written) and the respective count of these 

user interface elements for each respective page, can help us 

predict how many test cases, and of which priority needs to be 

written for any given new user interface page (i.e. planned to 

be developed or is already under development currently).  

Through experimentation we came to understand that how 

can we establish this relationship. We were able to learn that 

when on a particular user interface page if there are certain 

numbers of user interface elements. Then we can map the 

count of different user interface element types to the 

respective user interface page. Each of this user interface page 

is already covered in historical test cases. Now we know 

which user interface elements are present on which user 

interface pages and which all-historical test cases (these test 

cases already have their priority defined in the past) covers 

these pages.  

This relation can help us build a classification based 

prediction model in which if we enter the number and type of 

user interface elements for a new user interface page. It will 

evaluate with the help of K-Nearest Neighbor classification 

and then provide us with an already existing user interface 

page to which this new page is most similar. We can now go 

back and find which all historic test cases were designed for 

the existing user interface page and thus we can use this 

information to create test cases and prioritize them for this 

new user interface page with very less manual effort. Thus 

significantly reducing man-hours and cost involved in 

developing this new user interface page, which is part of a 

software system or module.  

In this paper we demonstrated that how we can use 

classification based machine learning [6] i.e. K-Nearest 

Neighbor classification to significantly speed up the test case 

design [19] and test case prioritization [8] using historical test 

case data [9]. This method will prove to be very helpful for 

software testing teams who wish to quickly write test cases for 

new software systems or modules.  
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This methodology or process can be improved further in 

future by utilizing the keywords and user interface element 

names used in the historical test cases to predict even more 

precise and possibly even create test cases by its own. 

Mapping user interface elements keyword occurrences in 

historical test cases with the priority of the historical test cases 

[14], and the number of different user interface elements 

present on the respective page would better predict which 

future page closely relates to the respective page and hence 

help in precise test case designing. We are working in this 

direction and also wish to integrate this with Software 

Development and Bug tracking systems to suggest possible 

test cases by analyzing the keywords in the respective task 

ticket and historical test cases for similar features or 

functionalities developed in the past. We believe that efforts 

in these directions will provide us with more fruitful results. 
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