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Abstract 

 

The improvements of technical documents quality influence the popularity of 

its relevant product; as the customers do not like to waste their time in the help 

desk’s queue, they will be more satisfied if they can independently solve their 

problems through the technical manuals in an acceptable time. Moreover, the cost 

of support issues will decrease for the product providers. In addition, the help desk 

team members could have more time to support the rest of unresolved issues in a 

better-qualified way. To afford the mentioned benefits, we have done the current 

thesis to estimate the usability of the documents before publishing them. As the 

result of such prediction, the technical documentation writers could have a goal-

driven approach to improve the quality of their products or services’ manuals. 

Furthermore, as different structural metrics have been observed in this research, the 

result of the thesis could create an opportunity to have multi-discipline 

improvement in Information Quality (IQ) process management. 

  

 

Keywords: Documents usability, Usability testing, Information quality, Machine 

learning for information improvement, Metric-based assessment for information 

quality, and Information quality estimation. 
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Glossary 

 
 Information Quality is the quality of the information systems' content. 

 

 Static Metrics are the structural metrics of a document. They are referred as 

static metrics because their value is constant for a specific document. 

 

 Dynamic Metrics are the usability metrics of a document such as the time 

spent to find a question's answer (Answer Time). The value of dynamic metrics 

depends on the designed question or the person who are looking for the answer. So 

this type of metrics are referred as dynamic metrics.  

 

 Answer Time in Session is the time spent to find a question's answer through 

a document.  

 Answer Time per Word is the ATS value divided by the number of d 

ocument's words.   

 Risky Area is the range of one or several static metric inluding a higher 

density of time consuming documents in comaprison to the rest ranges. 

 

 Machine Learning is a technology that allows computers to learn directly 

from examples and experience in the fo 

 Answer Deadline is a specified time have been considered to classify the 

documents into two groups of time consuming and easy items. For example if we 

consider 10 minutes as the Answer Deadline, the documents with average time 

more than 10 minutes will be categorized as hard documents. 

 

rm of data.  

 

 Manual Experiment is a designed experiment to find the risky areas with 

out using machine learning technology. 

 

 Factor Criteria Metrics is a model to assess the quality of an object (e.g., 

product, service, and document). 

 

 Entity Relationship Model is a conceptual and theoretical way of displaying 

data relationships in software development.  ERM is a technique for database 

modeling to generate an abstract diagram of a system's data that can be useful for 

designing a relational database. 

 

 Internet Content Rating Association is a standard for categorizing the 

content of the web-based information systems using Meta data attributes.  

 

   

 

  

 

 

 

 

https://en.wikipedia.org/wiki/Information_system
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Abbreviations 

 
IQ  Information Quality 

ATS  Answer Time in Session 

ATW  Answer Time per Word 

ERM  Entity Relation Model 

ICRA Internet Content Rating Association 

FCM  Factor Criteria Metrics model 

DIT  Depth of Inheritance Tree 

WMC Weighted Method Count 

LOC  Line Of Codes 

KMS  Knowledge Management Systems 

GQM  Goal Question Metric model 

KNN  K Nearest Neighbors 
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1 Introduction  
 

Besides the quality of a product or service, its relevant technical documents 

play a vital role to keep its popularity. Poor quality of technical documents will 

increase the customer service cost and leads to decline the customer satisfaction.  

 

Technical information such as maintenance documentation or user manuals also 

plays an important role in a product experience, no matter if it is a cell phone, a 

drug, or a software system. Maintenance documents can be critical when there is a 

need for repairs or updates. User manuals are often considered as the first line of 

support when users want to learn about the product or need help with a problem.  

 

The quality of technical documentation is important since poor information 

quality can reduce their effectiveness and usefulness. Studies have also shown that 

the quality of technical documentations influences the perceived quality of their 

product or service [1]. For instance, consider a company has released a perfect cell 

phone and tested it using significant test cases for quality assurance. The cell phone 

has been released with too complicated technical documentation. Consequently, the 

complicated document will obviously spoil the qualified product. It will be too late 

to improve the document after its publishing. So the manual test process is required 

for both the product and its relevant documents to provide a high-quality package 

for the customers. 

 

In order to manage the quality of technical documentation, it needs to define 

document quality meaningfully in a measurable way [1]. There have been several 

attempts to develop models [2][3] or guidelines [4] for assessing technical 

information quality. Few of these quality models are designed to provide an 

automatic assessment. However, they have been incomplete in terms of what and 

how to measure the metrics [5]. 

 

 In this research, we aim to find a way to predict the usability of a document 

based on its structure. Without any estimation, the documentation providers have 

only known rules to improve their documents based on metrics values. The 

improved static  metrics values, however, have not any benefits on their own. For 

instance, two weeks of work for eliminating clone parts in documentation could be 

a waste of time, if the result of improved usability is minor. On the other side, it 

could be better to work on the more efficient way such as changing the sections 

hierarchy. In simple words, documentation providers should know the effect of 

changing static metrics on usability. Regarding this knowledge, they can decide to 

improve the most useful metrics. They can also stop a specific metric improvement 

if there are not so many rewards for doing that. In other words, the probable 

correlation between static and usability metrics as a predictor could help the 

companies to establish goal driven iterative quality improvement procedures. So 

instead of blind structural improvement, they will know what should be done to 

make their documents more usable. This approach will help any type of companies 

with any budget to improve their information products [6]. 

 

Moreover, the estimation of the usability metric based on several static 

metrics could make an opportunity to have multi-disciplines improvement. In this 

way, each of the improvement threads could be responsible for promoting a specific 



8 
 

metric. This process could be done iteratively through milestones. The final result 

of the branches should be merged as a new version of the document.  

 

As another point, technical documentation should be updated based on its 

relevant product. So there is a need for continuous information quality test. To cover 

this requirement, we should promote automated tests as much as possible.  

 

Since there does not yet exist an approach to have full automation process 

for information quality test [7], the researchers have endeavored to improve such 

automated procedures as much as possible. Normally, supplanting manual error 

probable quality process with reliable automated test diminishes the cost of IQ 

(Information Quality) test. Following the mentioned purpose, my thesis is looking 

for the estimation of document usability in light of its structure. 

 

During this research, the documents’ static and usability metrics will be 

analyzed.  Their static metrics have been extracted using Quality Monitor tools [8]. 

Quality Monitor is a web-based quality analysis for technical documentation. This 

tools analyses and visualizes the static metrics of the uploaded documents. As the 

second group of metrics, the documents’ usability values have been provided by 

Ericson Company. As a target of the current research, we aim to estimate dynamic 

measurements based on the static values before publishing a new document. 

 

Since we have frequently used two static and dynamic metrics terms in the 

next sections, it is worth to clarify their meanings. The static metrics mean the 

structural metrics of documents such as Text Size and Subsections depths. These 

metrics are called static metrics because their value is fixed for a document. There 

are two types of direct and indirect static metrics which have been detailed in 

section 2.2 and section 2.3. In contrast to static metrics, the value of dynamic 

metrics (such as Answer Time) is variable based on the designed question and the 

user who is looking for the question’s answer. The dynamic metrics have been 

described in section 2.4. 

 

 

1.1 Background 

 

 Information quality assessment is the process to evaluate how much a piece 

of information affords the consumer’s need [9]. In this process, a defined scoring 

function employs diverse types of quality indicators to evaluate a quality 

dimension. Based on the type of quality indicator, there are three methods namely 

Content-based metrics, Context-based metrics, and Rating-based metrics. 
 

Content-based metrics 

 This method employs the information itself or its related peers as the 

indicators. In this method, the information is analyzed or compared with the 

relevant data. The metrics used for this method are categorized into two groups; 

Metrics that are applicable to formalized information and natural language items. 

For instance, a data table or excel sheet is considered as formalized information. 

This type of data can be defined as a set of records with specified columns. On the 

other hand, a document or a web page’s content are the samples for the natural 

language information. 
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 A basic method to assess the quality of the formalized information’ segment 

(e.g., the column value of a record) is to compare its content with a set of acceptable 

values. For instance, the accuracy or believability of a TV price can be determined 

by checking its price with other similar brands. For this purpose, there are diverse 

statistical methods to identify the outlier items in a dataset.  
 

For natural language texts, various analysis methods can be used to assess the 

information quality. The assessment scores can be extracted by matching terms 

against a document’s content or by analyzing its structure. Within deployed web-

based information systems, text analysis methods are employed to detect spam, to 

warn about offensive content, or to assess the relevancy of documents.  

 

For relevancy checking, a document can be considered as a relevant item to a 

search term if search words appear often or in prominent positions such as the title 

of the article, sections or subsections. An example of a well-known information 

retrieval method is the vector space model. Within this model, documents and 

search requests are represented as vectors of weighted terms. For example, in the 

case of web pages, an indexing function might assign higher weight values to terms 

that appear in the title or heading segments. 

 

In contrast to relevancy checking methods, spam detection methods try to 

determine irrelevant content. Two types of spams appear on websites; the spams 

which advertise a commercial item and the spams which includes irrelevant links 

and terms to the popular websites to make a fake ranking for a web page. The 

advertising spam can be detected using a specific pattern and a black-list of 

suspicious terms. To detect link-spam, the statistical approaches employ the page 

title, the average length of words, the number of different words in a page, the 

amount of anchor text, the fraction of visible content, and the fraction of stop-words 

within a page.  

 

Context-based metrics  
 It relies on meta-information about the information and the circumstance in 

which information has been provided. e.g., who said what and when? The web-

based information systems often include the Meta information about the data 

provider’s name, the created date of information, keywords, abstract, and format 

identifiers. Meta-information is often included directly into the web pages using 

<meta> tags in the <head> section.  

  

 There are several meta-information standards for representing general 

purpose, classifying web pages, and licensing information. “Dublin core element 

set” is a widely used standard for representing general purpose meta-information 

such as creation date and author name [10]. It has been developed by the Dublin 

Core metadata initiative to facilitate the discovery of electronic resources. It is 

widely used for annotating HTML documents, library books, museum information, 

and content management systems. This standard allows different vocabularies to be 

used to express 15 attributes namely title, creator, subject, description, publisher, 

contributor, date, type, format, identifier, source, language, relation, coverage, and 

rights. 
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 “Creative common licensing” standard provides the licensing meta-

information about the document in order to determine their legal accessibility [11]. 

For example, using this standard copyright holders can allow content to be copied, 

displayed, and distributed for a personal purpose but prohibits its commercial use. 

 

 Finally, “ICRA content labels” standard  (Internet Content Rating 

Association) enables the information providers to categorize their information to a 

specific group such as art, medicine, news, language, and violence [12]. As an 

example, ICRA labels are used by content-filtering software to block web-pages 

that users prefer not to be explored by themselves or by their children.  

 

 Meta information can be employed as a quality indicator for assessing the 

quality dimensions. For instance, the attributes such as description, title, and subject 

can be used to determine if a web page content is relevant for a specific task or not. 

As a more sophisticated approach, the vector space model can assign a higher 

weight to terms appear in the Metadata segments.  

 

 Furthermore, information consumers might want to use web pages for a 

commercial purpose. So the license Meta attributes of “Create common labels” 

standard can be employed to distinguish such items.  

  

 Moreover, since the believability of information provider can be extended to 

the information believability, so the identity of information providers plays a vital 

role in assessing this aspect. As a simple method, the provider id can be checked 

whether it is contained in the trusted provider's list. The contributor, publisher, and 

source of information can also be considered as other Meta information that might 

influence the believability aspect. 

 

 For another example, the language Meta information can be used as a first 

criterion to determine if the information is understandable for a reader or not [13].  

 

 For the final instance of quality dimension assessment, information 

consumers might regard sexually explicit or violent web content as offensive 

information. If the content is labeled with Content rating association labels, these 

captions can be used to specify the offensive contents. 

  

Rating-based metrics  

 This method uses explicit rating information itself, information provider, or 

its sources. The ratings can be provided by the consumers or domain experts. This 

method relies on the explicit or implicit rating as quality indicators. Many web-

based information systems allow their users to rate the content of the page and 

employ feedback mechanism. Examples of well-known websites that use content 

rating are Slashdot where consumers rate technical news and comments, Amazon 

where users rate the quality of book reviews, and Google Finance where users rate 

the quality of discussion forum postings. 

  

 During the assessment process, a scoring function calculates assessment 

scores from the collected rating. This function decides which rating is taken into 

account and it might assign different weight to them. Two following requirements 

should be fulfilled by the scoring functions; they should be robust against ballot-

stuffing attacks and unfair ratings [13]. They should be also able to deal with 
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subjective ratings. Different algorithms such as simple scoring function, 

collaborative filtering, web-of-trust algorithms, and flow models can be used to 

implement a scoring function. 

 

 

1.2 Related works 

 

The first related work has been done to provide an approach and tools for testing 

the quality of technical documentation on the web [14]. According to this research, 

website quality assessment is commonly based on analytics of usage traces. For 

example, the sequence of user’s click can be considered as the main criterion to 

specify if a web site’s content has been well-organized or not. In this research, it 

has been tried to extend the software scenario-based test method to information 

quality test. Based on this study, a test case of technical documentation have been 

defined as:  

 

1. Optionally, a specified group of users for a test case. If it has not been 

determined, it means that the test case has been designed for all users.  

2. A question that should be answered by the user using the information 

technical documentation. 

3. An expected answer to the question 

4. Optionally, the expected completion time that means the acceptable time for 

finding the answer to the question. 

5. Optionally, the expected usage path which starts from the entry point page 

to the endpoint page in the documentation. The endpoint page includes the 

answer to the question. 

 

Information testing succeeds if the user can find the answer optionally in the 

expected time and expected usage path.  

 

This studies’ approach has been used to provide the dynamic metrics of the 

current thesis’s dataset. This research can be also a guideline to develop a document 

presenter web site for the future works. In this website, we can monitor the real 

users’ action transparently based on their own question (problem). In this way, we 

will be able to provide a rich data set for machine learning method to estimate the 

documents’ usability. 

 

The second related work as the extension of the previous work has done for 

testing quality of knowledge management systems (KMS) [15]. It has detailed the 

procedure of information testing. This research has presented a way for analysis 

and visualization of data collected during the test process.  

 

The third related work  has been done to create a model of the documents using 

VizzAnalyzer framework [16] and Entity Relation Model. VizzAnalyzer is a quality 

analysis tool originally developed to assess the quality metrics of the software 

source codes. This research has employed the framework to assess the quality of 

technical information. As a result, the created models of documents have been 

analyzed to provide a visualization of their quality metrics. This research’s 

approach has been used in the backend of Quality Monitor tools [8] to provide the 

static metrics of the current thesis’s dataset. In this research, the Entity-Relation 
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Model has been used to provide a data abstraction for different document formats 

(e.g., Word document or PDF format).  

 

The final related work has been done to visualize the clone information 

segments [17]. The clone parts can be intentional to increase the readability and 

understandability of the document. Such duplicated text can help to create context 

and familiarity, and reduce the need for cross-references. On the other hand, clones 

increase the size of the documentation, which adds the cost of translate, store, print, 

etc. the cloned segments can also increase the effort is required to maintain the 

documents due to update anomalies. Update anomalies occur when not all clone 

parts are changed reflected an update on the content.  The visualization of clone 

segments can support human experts to assess and prioritize the mentioned types of 

clone sections.  

 

 

1.3 Problem statement 

 

 The goal of the current thesis is to estimate a document usability based on its 

structure. So at first, we should define a metric for document usability, and we 

should also define some metrics for documents structures. The time which spent by 

the user for finding an answer using the document (Answer time) is a dynamic 

metric to measure the document usability. Other metrics such as text size and 

subsections depth have been considered to measure the document structure. The 

other name of structural metrics is static metrics. So at first, we should know if we 

can estimate document usability based on the static metrics. We can estimate the 

usability if there is a correlation between static metrics and document’s answer time 

(RQ1).  

 

Then in the positive ability of estimation, we should extract three useful 

information. At first, we should present some recommendation to improve answer 

time (RQ2). For example, summarizing the text content or merging subsections 

could be an improvement recommendation. Such recommendation might work for 

a limited range. For example, if we split too long sentences into two or three 

sentences, it could be helpful to improve text readability. However, the medium 

size sentences might not require to split more. Splitting medium sentences could be 

inconvenient. It could even have a negative result on the document usability. So we 

can specify a value for each structural metric as a crashing point.  In simple words, 

for each structural metric, we should specify a stop point for improvement (RQ3). 

Finally, we should compare the effect of each static metrics, for example, which of 

text size or text uniqueness is more effective for usability improvement (RQ4). Such 

a comparison will help to document providers to do cost and time management. 

 

It is worth to mention that as there is no rich dataset, in the current state of the 

thesis, we have focused on designing some manual and automated experiments to 

estimate documents usability. The designed process could be applied to the future 

rich dataset to provide more precise answers especially for the last research question 

(RQ4). 

  
During the current thesis, it is expected to estimate usability metrics based 

on documentation’s structures (at least for a couple of static metrics). It is also 
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expected to find the most efficient improvement way considering the cost and time 

management perspective. In simple words, we want to know which of static metrics 

are more convenient to improve the documents’ usability.  

 

It is also expected that there is not always a straight forward relation 

between dynamic and static metrics. For instance, there might be a crashing point 

for the depth of a document’s sections during the usability improvement process. 

The value of crashing value for Subsection Depth could be depended on the Text 

Size. 

 

In the current thesis there has been an effort to find the answers to the 

following questions; 

 

RQ1. Is there any correlation between statics and dynamics metrics? 
RQ2. If there is a correlation, how can we get an improvement suggestion 

for the technical writers? 
RQ3. If there is a correlation, what is the stop improvement point in the 

case of cost and time management? 

RQ4. How can we find the most efficient way to improve documentation 

usability based on the static metrics analysis? 

 

Using RQ1we are looking for the basic idea if there is any correlation between 

the static metrics and their answer time values. If there is no correlation, three other 

research questions will be meaningless. If there is a correlation, Using RQ2 we will 

look for the solution of usability improvement. For example, as a solution, we 

should summarize the text, or we should merge the sub-sections. So the answer to 

this question will help the readers to find their answers in lower time. The cost 

management is essential for documentation providers during this process. So in two 

other question RQ3 and RQ4 we are looking for the most effective and convenient 

ways for usability improvement. For example, in the case of too many subsections, 

the merging of them could be effective in the first steps. However, after merging 

enough segments, it could be un-effective or even spoiling. So we should specify 

the stop point of improvement for each metrics (RQ3). As another example, assume 

that there is a one-week deadline for improving a document. So the providers would 

like to know which of possible ways are more effective in such short times (RQ4). 

 

1.4 Contributions  

 

 The related works mentioned in section 1.2 have been employed to provide 

the data set of the current thesis. For example, Quality Monitor tools [8] have been 

used to create an abstract model of technical documentation. Then the 

VizzAnalyzer framework [16] have been employed to provide static metrics of the 

created abstract models. Furthermore, the approach of information quality 

assessment  [14] [15] has been used to provide dynamic metrics of the dataset.  

 

 As mentioned in section 1.1.2 (Metric-based information quality assessment),  

the related research has been done based on three analysis methods namely content-

based metrics, context-based metrics, and rating-based metrics to assess the  quality 
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dimensions such as completeness, understandability, consistency, believability, and 

relevancy.  

 
 In the current thesis, as we did not want to repeat the previous researches’ 

approach, so we have decided to use the content-based metrics considering only the 

documents’ structures. Moreover, we have only focused on the accessibility quality 

dimension. Since the Answer Time metric plays a vital role to keep the users in the 

self-solving customer groups, we have just assessed this metric to score documents 

usability. So in simple words, we intend to guide technical document providers in 

making their documents easier in the aspect of finding the question’s answer. Using 

manual experiments and machine learnings techniques, we will highlight how static 

metrics affect the answer time value.  

 

The implemented machine learning codes will be a start point for providing a 

document analyzer application in the future. This application (could be as a word 

process plugin) can display the value of static metrics, and it can also estimate the 

documents average answer time.  Then the document providers will be guided to 

improve the static metrics to get a better-estimated answer time. 

 

1.5 Target groups  

 

 As it was mentioned before, all companies providing a service or product will 

benefit from the result of this thesis. Following the result of this research, they can 

provide more qualified documents to support their clients. They will have a goal-

driven approach to document production. Using RQ3 and RQ4 the companies will 

be able to meet the deadlines considering their budget.   In addition, their employees 

will  have also a guideline on how to  provide more usable documents for internal 

usage. The internal documents mean the manuals are used for collaborating the 

knowledge between the employees. Using such guideline, the employees will  be 

able to promote their collaboration using more accessible documents.  
 

It is worth to mention that we have done the current thesis for technical 

documents. So these results can be used for such type of documents. Moreover, our 

static analyses are context-free, and they are only based on the structure of the 

documents. 

 

1.6 Report organization  

 

 In the rest of this report, the background section (chapter 2) describes the 

usability concepts and its consideration based on the related literature. Moreover, 

the provided data set and its metrics are detailed in this section. In chapter 3, the 

current thesis approach has been described. Then to answer the research questions, 

two different manual experiments and machine learning methods have been 

explained in the evaluation section (chapter 4). In this chapter, we have also 

discussed the reliability and interpretation of each method’s outcome. Finally, we 

have summarized the thesis result in the conclusion section (chapter 5) following 

the path of the future works. 
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2 Background  

2.1 Usability 

2.1.1 Usability definitions 

 
 The international standard ISO 9241-11 (1998) detailed usability as “the 

extent to which a product can be used by specified users to achieve specified goals 

with effectiveness, efficiency, and satisfaction in a specified context of use.” [18] 

In this definition, the effectiveness means the completeness and accuracy in which 

the end users achieve the goal. The efficiency reveals if the amount of the resources 

consumed for the user tasks are efficient. Satisfaction means that people use the 

item comfortably and they have a positive attitude for the future usage based on the 

previous experience of the system. 

 

 According to the previous definition, the usability of a product is not a 

property of the product. It is an attribute of the interaction on the product (J. Karat 

1997) [19]. In more details, while other properties such as weight, length and 

product colors are instinct attributes, the usability of a product is meaningless before 

starting to use it. To have a sense of this concept, the following contexts should be 

considered; 

 

1- The users and other related stakeholders 

2- Their knowledge, experience, skill, education, habits, cultures and 

nationalities 

3- Their goals and tasks 

4- The environment in which the users use the product 

 

 As another definition, Nielsen (1993) presented usability as a part of the 

system usefulness [19]. He presented usability and system utility as two factors of 

a product’s usefulness. He also divided usability term to five factors namely easy 

to learn, efficient to use, easy to remember, few errors, and subjectively pleasing 

(Figure 2.1). Similarly, according to Carol Barunum’s description, the usability can 

be gained when the users have a good attitude about using a product [6]. it is 

measured by the user’s learnability, relearn ability and undependability. Likewise, 

based on Dumas and Redish’s definition, usability determines how the customers 

can do their product relevant tasks easily and quickly [6].  
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Figure 2.1: The usability term as the system usefulness parameter 

 

 It is worth to mention that both mentioned definitions can be also defined for 

documentation. Considering the first definition (ISO 9241-11), it will be desired to 

have qualified technical documentation which helps users find their questions 

answers (as a specified goal) with effectiveness, efficiency, and satisfaction  while 

they are using the relevant product or service as a specified context of use. 

Considering the second definition (by Nielsen) the mentioned aspects of usability 

are adjustable for documents. For instance, it is desired to have qualified documents 

including minimum errors (typo spelling or incorrect information) which are easy 

for understanding, learning, relearning and memorizing. So the process of usability 

testing and its consideration (are described in the next sections) are adaptable for 

products, services or documents.  

2.1.2 Usability testing 

 

 All above-mentioned definitions criticize the usual usability test process done 

by the expert testers; they are not presenting the real users as the core concept of 

the usability test process. So, while such test procedures could confirm the expected 

functionality, but they cannot guarantee the product’s usability. In other words, 

such functionality tests just reveal whether the product works as the specification 

while the usability concept refers to how people use the product. Based on the user-

center definition of usability, the usability test process should have the following 

characteristic; 

 

System 

acceptability 

Practical 

acceptability 

Usefulness 

Cost 

Social 

acceptability 

Usability 

Efficient to 

use 

Easy to 

remember 
Utility 

Easy to learn 

Reliability 

Compatibility 

Few errors 

Subjectively 

pleasing 
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1- The improvement of usability should be the primary goal of the usability 

test. So for each test, there must be a clear improvement goal. 

2- The participants should do the real tasks. They should be asked to do both 

new and repeated issues to measure learnability, relearn ability and 

memorability factors.   

3- The real users should participate in the procedure. 

4- The evaluators should record the users’ behaviors, preferences, actions and 

verbal notes. 

5- The evaluators should analyze the recorded data to diagnose the usability 

problems and to represent their recommendation for solving the problem.   

 

 As a typical usability exam for a product, consider that we are recording the 

users’ preferences in a software application. Assume they have multiple choices for 

doing a task. If they are always selecting a specific efficient facility for doing an 

issue, the other options should be improved to be more user-friendly. Moreover, 

one of them might be excluded from the product if it is not going to be used by the 

users. 

 

 For another instance for the usability test, assume the participants in the role 

of real users are instructed to do some designated tasks under the guidance of the 

technical documents. Their search terms, their navigation between chapters, 

sections and subsections, their spent time (for finding the answer area and reading 

the paragraph) are recorded for future analysis. The recorded observation will 

discover the effectiveness of the documents. It is worth to note that for the 

mentioned observation we need a monitoring infrastructure with the ability to 

record the user’s explorations.  

 

2.1.3 Why is usability important? 

 
 Carol Barnum cited the changes in the users’ population and the marketplace 

competitiveness is the result of the need for the usable product [20]. Users are 

frustrated with complex technical documents which force them to call help desk 

team or select another product with more usable documents. He also explains that 

usability testing is a key to provide usable products and their relevant technical 

documents.  

 

 For instance, companies such as Boeing have decided not to purchase the 

software products which not passed the usability test process. They have realized 

that such type of products even in the qualified situation can waste their time and 

money. Assume a confusing product and its documents with lack of required 

information that is difficult for navigation or finding the questions’ answers. In such 

status, the employees often interrupt their co-workers or call the customer service 

part to find a solution for their problems. Their peers after solving the time-

consuming problem should also spend the noticeable time to prepare their mind for 

the own previous task.  

 

 Based on the research done by Barnum, the money wasted by a typical 

frustrating program facility could be calculable. She has measured the seconds have 
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been wasted for an unqualified application feature for every year. For this 

measurement, the frequently annual usage of the feature has been considered. As a 

result, she has found that the company lost more than 260 dollars per user each year 

[21]. The loss of money could be more severe when the relevant manuals are also 

weakly usable. She has resulted that usability problems in a product or its 

documents can quickly lead a company to the bottom line.  

 

 Despite the usability test importance, some document providers may argue 

the users cannot provide them valuable feedback for the usability of the 

information. They may also say their documents have not usability issues. 

However, Loe Lentz as an expert in usability testing criticizes such opinions. He 

explains that during a broad survey on a massive amount of documents, none of 

them was free of lack information or major usability problems [22].  

 

 While usability test plays a vital role in the popularity of a product, the project 

managers considering the deadlines and resources usually skip it to lighten the 

project budget. Although the upfront saving budget is appealing, they should 

consider long-term values of the released project; during the process of the usability 

test for the technical documents, the hidden bugs of the relevant product is 

appearing. So it increases the usability and quality values. Consequently, the 

usability test process makes the product more qualified and user-friendly. As a 

result, usability testing can cut down the money and time spent on customer service 

team for responding to the customer's future problems and complains. 

 

2.1.4 Usability test consideration 

  

 After talking about the importance of the usability test, we should consider 

the following issues in the usability test process; 
 

 The usability test resources and team size 

 The measurable questions of usability test  

 Component-based test 

 Test methods 

 Customers’ trait 

 Preventing loss data in observation 

 Unrepeatable tests 

 The usability test time 

 

 

 As a first concern, there is a question if it is worth to have a usability test 

process if there are not adequate resources for doing extensive tests. As a response 

to this question, Geoff Hart has cited a big myth in a technical communication 

environment [23]; the supervisors believe that usability test process is expensive 

and difficult to run. He explains while statically speaking the feedbacks of large 

diversity groups are more accurate, even small test groups can bring us an accurate 

view of the users’ need. For technical writers with absolutely no resource for testing 

their documents, he suggests that at least one person should represent the user test. 

Hart explains although the single tester does not truly represent your audient, her 

informed problems is a major subset of the unavailable participants’ feedback. Hart 

also suggests that having a small group of testers can prove noticeable rewards to 
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the managers. So the managers will be encouraged to spend more resources on 

extending the team members in the future. Small group method is suitable for the 

teams which have never experienced in the usability test process, and they would 

like to incorporate it. This method is also suitable for the teams with inadequate 

resources for extensive tests.  

 

 After determining the size of the test group, how can we plan and create the 

test? Carol Barnum explains how to set the goals and measurements for the tests. 

He poses two main issues for the test designers; firstly, they should specify what 

will be gained from a test. Secondly, they should know how to measure their 

recorded observations. He explains that project teams must define the prevalent 

tasks and their addressing questions. The team’s questions about a document are 

the basis of test construction. Then the questions can be revised into a list of 

measurable goals. The questions should be defined as specific measurable 

objectives to reveal the lack of information, inaccessibility, incompleteness, and 

unclear sections.  

 

 The questions of a usability survey should be constructed unbiasedly for the 

users. In this way, their feedback will be more objective and measurable. The writer 

should omit the language that could influence the user’s answer. For example, 

“What is the wrong point of this section?” as a question for a document forces the 

readers to point a problem even if they have not actually experienced any problem 

with the surveyed segment. Consequently, such question in the task-assessment 

cannot bring faithful feedback for the project team.  

 

 In order to create measurable questions, technical communicators should 

consider a product specification. Don Reinertens describes that the product 

specification is not measurable until implementing its tests [24]. He also cites, 

sometimes a product can pass a usability test phase, but it has still some problems. 

It is because of unmeasurable untestable specifications. So it is suggested to 

implement only the testable specifications. In the software engineering field, the 

test-driven method bring such benefits; before implementing a facility, the 

developers should provide its test. This method forces them to develop and extend 

their projects following the test path. In other words, they should design a system 

based on the unit tests, integration tests, and system tests. If there is no way to 

provide a test case, the project team should consult with the customers to change 

their requirements and needed facilities. 

 

 

 For another consideration in the usability test, it is better to test small sections 

of a product or documentation in each test rather than testing the whole system. 

Such tests can effectively pinpoint trouble spots in the system. Otherwise, the 

project team should spend lots of time to search for the faulty component. The 

component-based test could be adaptable for documents. Instead of testing the 

entire chapters if we design the tests for each section, there is no need to find 

problematic sections. In simple words, section or component-based tests can 

pinpoint the problematic parts. So the project team will save the time spent on 

finding the problem root. 

 

 Reinertens also suggests discussing the whole test process with users. For 

example, they can be asked, “How will we test it?” The user's views of the 
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requirement sometimes differ from the developers’ attitude. So in this way, the 

requirements may change to be both measurable and consistent with the users’ 

expectations. As a reward, the project team will not waste their time on developing 

untestable or unexpected facilities.  

 

 Another concern for planning a usability test is to specify the method that 

should be used. Monique Jasper explains the advantages and disadvantages of each 

of three usability methods namely heuristic evaluation, the cognitive walkthrough, 

and the think aloud. She also describes in some situation, one of them has more 

advantages to the others. So none of them is always at the top of the rest [25]. 

Ultimately, Jasper suggests usability testers to use all three methods in different 

situations to complement each other and to find more usability problems.  

 

 During a usability test, it should be also considered that the participant's 

traits can affect the process and the results. Steehouder has observed how a user’s 

cultural background affect the result and process of usability testing [26]. Besides 

other factors such as gender, educational level, previous experience, and 

knowledge, he explains that the cultural background should be considered as a 

critical factor in test conduction. He has created a study by developing a website 

usability test to compare the process and result of two groups of Ph.D. students from 

West Europe and Asia/Africa. He has tried to have the same value for the other 

mentioned factors except to culture parameter. Both team members have been asked 

to test the Dutch website developed in the English language. Although both groups 

found the same usability problems as the shared majority, there have been some 

differences in their behavior. Although the effect of the cultural background has 

been less than other parameters such as educational level, however, it was 

somewhat noticeable especially for the users’ taste and behaviors aspects.  

 

 Therefore the project team should always consider the culture of target 

customers to make their product to be more user-friendly. Moreover, if a product 

or document is provided for multi-cultural user groups, the test process should 

involve the audiences from different cultures to make them user-friendly to a 

broader audience. For a real example of documents usability, the product manual 

in different languages could have different structures to be more usable for each 

nationality group of the customers. Following the usual approach, they are written 

in the producer primary language and then they are translated into other languages. 

Having the same structural documents for all nationalities do not seem an effective 

method, and it is better to adapt them to each culture.  

 

 Preventing the loss of observation data is another critical element should be 

considered for planning a usability test. Spencer discusses how the data can be lost 

during usability observation [27]. For instance, during the visual observation and 

manual recording, the data can be missed because of a variety of causes such as an 

interruption in a recording process, limitation of the brain for recording the 

information and splitting attention between more than one subject and participant.  

 

 To prevent data loss, the testers should know what they want to record in a 

test. They should also spend enough evaluators to gather information. For example, 

they can assign one evaluator for each participant to prevent splitting attention 

between the subjects. Moreover, they can divide a test to some steps and have the 

break times between them. In addition, the project team should control the 
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interruption cause during data gathering as much as possible. For instance, they can 

do a test in a laboratory or controlled environment to prevent the interruption during 

the test. Ultimately, they can use a video camera or voice recorder to prevent data 

loss because of human error.  

 

 Data loss prevention should be considered as an essential element during a 

test for document usability. We can use automated observer instead of manual 

observation. In this way, the participants are more comfortable because of 

transparent monitoring. So they act in a normal mode. Consequently, the measured 

values will be more accurate and precise. 

 

 For another point, we should consider two types of tests namely repeatable 

and non-repeatable tests. The repeatable usability tests can be done more than one 

time by a tester. They usually evaluate the learnability and memorability aspects of 

the product or information. So in this types of tests, the result values of each cycle 

can be compared to see the effect of the user’s previous experiences. For instance, 

for an E-Office application, the task of changing the user’s password can be asked 

in a different period of time to observe the memorability aspect of the application.  

Conversely, in non-repeatable test cases, only the first cycle’s outcome are 

validated. In this type of cases, the first experience of the tester spoils the next cycle 

results. For example, assume the question “How much is the population of 

Stockholm?” with the target of calculating the answer time value for a wiki page 

content. For this task, since the tester may have the answer area in her mind, so the 

second run result is not valid. To save such test cases, we can assign them to another 

tester instead of throwing them away. 

 

 The last concern in the planning usability test is how long the process will 

take. Juseph Dumas explains some of the multitudes of factors affects the test time 

[28]; the amount of usability plan has already done on the project, the complexity 

of the project, the extent that the product would be tested, the count of users 

included in the test process, and their spent time on the test issues affect the test 

required time. These factors vary from company to company and from project to 

project. So they should be assessed by the project team to estimate test time. In the 

real world, the new managers assess the factors carefully however their estimated 

time value might be over or under the needed time, while the experienced managers 

will be able to estimate them more accurately based on prior tests and experiences.  

 
 

2.2 Direct static metrics 

 

Based on the basic knowledge of software quality metrics [29], we can extend 

their terminologies for information quality metrics. For instance, the Depth of 

Subsections (in a document) can be inspired by the Depth of Inheritance Tree (DIT) 

in software quality model. DIT metric displays the depth of a subclass in software 

design. Similarly, the depth of subsection displays the depth of sub-section in a 

document structure. Moreover, the Text Size can be inspired by the Lines of Codes 

(LOC) in software quality model. LOC displays the number of codes in a class. 

Likewise, the Text Size displays the number of words or sentences in a document. 
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There are two types of static metrics namely direct and indirect measures. The 

direct static metric is defined as a simple structural metric of a document such as 

Text Size and Spelling Issues. The indirect metrics are defined by a few direct 

metrics for aggregating them. In other words, the indirect static metrics are defined 

by combining the direct static metrics. For instance, five direct static metrics 

namely Internal References, Cross References, External References, In References, 

and Out References can be combined to define the Referential Complexity as an 

indirect static metric. Indirect metrics have been explained in Section 2.3. 

 

 The direct static metrics can be categorized into five groups namely Anti-

Pattern, Cloning, Language, Maintainability, and Other issues [8]. Every metric has 

a normalized score between zero and one. The  score X of a metric means that X * 

100 percent of other documents are better than the current document. So the less 

score means more qualified document.  

2.2.1 Anti-Pattern metrics 

  

 This metric group assesses the certain patterns within documents that could 

indicate various issues and could be improved. 

 
 Isolated: It is true if a document is not referred by the peers (other documents 

in the library). Otherwise, it is false. So a true value is discouraged because it might 

make challenging to find a document. 

 

 Pointless Abstraction: It is the number of sections including precisely one 

subsection. Such type of sections makes it difficult to find the information. 

 

 Stability: it indicates if a document is extensively referring and referred. 

There is a rate value determined by R = In_references / (In_References + 

Out_References). If the sum of In/Out references are more than 10 and the value of 

R is between 0.3 and 0.7, the document is considered as an extensive reference. So 

it might be difficult to understand its content. 

 

 Revisions over Time: It is the number of a document’s revisions divided by 

the number of its life days. The high value could be considered as the more effort 

for the document maintenance.   

 

 Broken References: It points to the number of unresolved outgoing 

references. The more broken references could make it difficult to find information 

and understand the document. 

 

 Back References: It specifies the number of outgoing references leading 

directly or indirectly back to the same document. It is discouraged because it makes 

trying to find information or understand the document. 

 

2.2.2 Cloning metrics 

 
 XML Uniqueness: It has a value between 0% and 100%. 0% means there are 

no fragments (more than 100 characters) repeated by the peers.  100% means there 
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is another copy of the document. All xml elements, attributes, and contained text 

are considered to calculate this metric. 

 

 Text Uniqueness: It is similar to Xml Uniqueness. However, the Xml 

structures are ignored. 10 sentences are considered as a minimum copied fragment 

unit for this metric. 

 

 XML Similarity: It calculates the average xml similarity. Again, the 

similarity minimum fragment is 100 characters. 100% means that the document is 

completely copied from another once. It is worth to mention that the Similarity of 

A to B does not equal Similarity of B to A. because the size of A and B could be 

different.  

 

 Text Similarity: It is similar to Xml Similarity. However, the xml structures 

are disregarded. The minimum similarity fragment is 10 sentences. 

 

 Text Similar: It is the number of other documents (inside the document 

library) which are similar to the current document. For instance, if there is an 

integrated manual including 51 documents. The value of Text similar metric for 

each included documents will be between zero and 50.  

 

2.2.3 Language issues 

 
 Language Checks: It indicates if the document text has been checked by 

Acrolinx tools. Acrolinx is an authoring and content optimization tool that 

combines terminology management, grammar checking, and style checking. 

 

 Grammar Issues: It checks for grammar issues such as capitalization at the 

beginning of the sentences, a/an distinction, the agreement between subject and 

verb, and missing spaces. 

 

 Spelling Issues: It checks for unknown words and spelling problems. 

 

 Style Issues: It is the number of style issues such as duplicated punctuation 

marks, numbers range, spelling out numerals, future tense, title case, and 

colloquialism. 

 

 Terminology Issues: It checks for deprecated terms and the cases not 

followed the terminology guidelines. 

 

2.2.4 Maintainability metrics 

 
 Missing/erroneous revision info: It is the number of revision elements with 

missing or incorrect data. For example the number of revision elements without 

date information. 

 

 Cross references: It equals the number of references ignoring the internal 

references. They are extracted from the link, xlink, xref and ulink elements. 
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 External References: It is the number of http link references out of the 

document. The Excel or graphic links are disregarded. 

 

 Internal References: It is the number of references to the same document. 

 

 In References: It returns the number of referred to the documents by the 

peers.  

 

 Out References: It is the number of the document’s references. 

 

 Subsections Depth: It is the maximum depth of the subsections. For 

example, the depth of subsection 1.5.2 equals to 3. 

 

 Subsections Width: It is the maximum number of subsections with the same 

parent. 

 

 Advice: It is the number of lines not included in the step list divided by whole 

lines of documents. For example, if the whole document contains 50 lines including 

10 lines in step list format, so the advice value equals 80 percent (40/50). 

 

 Text Size: It is the number of words in the document text. 

 

 Sentence Size: It is the number of sentences in the document text. 

 

 Xml Size: It is the number of Xml nodes (elements, their attributes and 

contained texts). 

 

 Other Xml issues: It is the number of xml mistakes ignoring unterminated 

nodes, invalid start tags, and incorrect encodings. 

 

2.2.5 Other issues 

 
 Non-recommended Decimal Class: There are different types of document 

such as reference list type, background type, introduction type and so forth. For 

each of them, there is a decimal value stored in a list of decimal classes. The value 

of “Non-recommended Decimal Class” metric is true if a document’s decimal class 

is not contained in the recommended classes. It means that the document has a 

wrong decimal class value. 

 

 Unresolved Improvement: It is true if a document identifier is contained in 

the unresolved improvements list. 

 

 Unresolved Troubleshooting: It is true if a document is contained in the 

unresolved troubleshooting list. 
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2.3 Indirect static metrics 

  

 Based on the mentioned direct measures, some indirect metrics have been 

defined for the document structure. They have been demonstrated in table 2.1 

including their direct input metrics. It is worth to mention that the engaged direct 

metrics have the same weight for all following indirect metrics. 

 

Indirect metric Direct metrics as input parameters 

Anti-Pattern Revisions over time 

Stability 

Back References 

Broken References 

Isolated 

Pointless abstraction 

File Complexity Xml Size 

Hierarchy Complexity Subsection depth 

Subsection With 

Referential Complexity Internal References 

Cross References 

External References 

In References 

Out References 

Text Complexity Text Size 

Sentence Size 

Advice 

Uniqueness Xml Uniqueness 

Xml Similarity 

Text Uniqueness 

Text Similarity 

Text Similar 

Validity Other XML issues 

Missing/incomplete revision info 

Non-recommended decimal class 

Unresolved improvement suggestion 

Unresolved TR 

Style Lack of Language Check 

Spelling issues 

Grammar issues 

Style issues 

Terminology issues 

Quality 

 

Text complexity 

File complexity 

Uniqueness 

Referential complexity 

Anti Patterns 

Hierarchy complexity 

Language 

Validity 

Table 2.1: The list of indirect static metrics 
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2.4 Dynamic metrics 

 
 The dynamic usability metrics for the same typical document have been 

provided in the following table to describe some of the dynamic properties. 

 

Type Scope Hit type Search term Primary Hit Date TIS 

Success Instant   upgrade Secondary 4/25/2017 143 

Success 

Full 

text Title upgrade Primary 4/25/2017 612 

Success 

Full 

text Body ipos Primary 4/26/2017 65 

Success 

Full 

text Body ipos Primary 5/3/2017 615 

Success 

Full 

text Body ipos Primary 5/3/2017 5 

Success Instant   upgrade Primary 5/5/2017 22 

Success 

Full 

text Body is-degraded Secondary 5/24/2017 92 

Table 2.2: Dynamic metric values for a typical document 

 

 

 Type: It has two “success” and ‘failure” values. The failure value means that 

user has not founded her problem’s solution using a specific search term.  

 

 Hit type: It includes two “Title” and “Body” values. The title value means 

that the user has found the clue of the solution in a title fragment. The body value 

means that the user has found the answer in a section’s body. 

 

 Search term: It is the phrase has been used to search the solution by the user. 

 

 Date: It is the date of the user’s survey. The survey means the process in 

which the user should find some given questions’ answers. In this survey, we 

calculate the average answer time for each document. The average value is 

considered as the document’s answer time. 

 

 TIS (Time In Session): As the most important property, it is the consumed 

time to find a question’s answer. The less value means that the document is easier 

to find a question’s answer.  
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3 Method 

3.1 The provided dataset 

 

There are three sources for the data set namely a set of xml files, the static metric 

records and the dynamic metric records. The set of static records includes 515 data 

rows for documents’ static metrics such as Text size, Text uniqueness and the Depth 

of subsections. This data source has been created using the Monitor Quality web 

infrastructure. We could upload the zipped documents in this web system. Then It 

provides us a CSV file including the static metrics. The set of dynamic records 

contains 505 rows for documents’ dynamic records. This data set is also a CSV file 

provided by Ericson company. For a dynamic metric data set, we only focus on 

Answer Time as a single dynamic column. Finally, we have a folder of xml files 

including 645 integrated documents in xml format. 

 

In the ideal situation, three mentioned sets (static metrics set, dynamic metric 

set, and the xml documents) should be consistent with each other. In other words, 

in the best state, each document should have a relevant xml file in xml folder, and 

it should have relevant data in static and dynamic metrics. However, in the current 

real provided data set, there is the lack of consistency between three sets.  

 

As you can see in figure 3.1, at the first step, we have 115 (65 + 50) items with 

both static and dynamic values. These items might be enough for manual 

experiments (will be defined in the next sections). However, they are not sufficient 

for machine learning data. Fortunately, there have been 160 xml files having related 

dynamic metrics in the dynamic data table. So we decided to extract their static 

metric. They have zipped as a file to upload in Monitor Quality infrastructure. 

Finally, we have provided 275 (160 + 65 + 50) items in the dataset.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1: Three sets of data sources 

 

Static recods; 515  Items Dynamic records; 505 Items 

Xml Files; 645 Items 

90 230 

110 

160 310 

65 

50 
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For solving the problem of the inconsistency between the three mentioned sets, 

as future work, we should integrate the Monitor Quality infrastructure with the user 

survey system. In this way, for a new version of the xml file, the static and dynamic 

metrics will be kept in a relational database. So in the database, we will have the id 

of xml files, the identifications of their relevant versions, and the static and dynamic 

values for each version. 

  

 For optimizing the provided dataset, at the first seven following static metrics 

have been excluded because of their same value for all records.  

 Isolated 

 Stability 

 In references 

 Other XML issues 

 Non-recommended Decimal Class 

 Unresolved Improvement 

 Unresolved Troubleshooting  

 At the second, from dynamic metrics, Average Time in Session (ATS) have 

only been used for the main target label. Target label is a machine learning term. 

Each record of a data set have some feature attributes and some target attributes. 

For example in the current dataset, each document records includes the structural 

metrics as features, and it also contains the answer time as the target label. In 

machine learning model we observe the dataset records to find a relation between 

feature and target labels. 

 
 

3.2 Scientific approach  

  

 Briefly, two types of quantitative manual experiments and automated 

machine learning analyzes have been applied to the existing thesis. For both 

analysis techniques, we have used content-based metrics. During the manual step, 

some risky ranges about the static metrics have been researched. In the automated 

process, we have tried to estimate new document usability using a supervised 

learning strategy. To implement the experiments, we have used Scikit-learn 

framework [30],  Jupyter programming shell, and machine learning methods [31].  

 

At first, two provided csv data files including the static and dynamic metrics 

have been exported to MySQL tables. Then we have implemented some lines of 

java codes to compare them with xml files. As it was mentioned in section 2.4 (The 

provided dataset), we have found about 116 records as consistent data. So we have 

created an aggregated data table including 116 documents titles, their static metrics 

and their average answer times. We have used these records for manual 

experiments.  

 

 Based on the provided data table, we have implemented approximately ten 

python programs using Scikit-Learn framework for manual experiments to find 

risky areas. The deadline for answer time has been declined continuously to monitor 

the hard documents distribution. While the answer deadline time decreases, the 
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number of hard documents increases. The monitored trend of such distributions 

leads to find the risky areas. All of the outcome values have been extracted to Excel 

sheets to create output diagrams. Then, we have tried to interpret them to explain 

why a specific trend has happened in the risky area. 

 

In more details, there are three types of manual experiments have been 

described in section 4.1 (Risky Area). The first type of manual experiments is 

designed for finding the correlation between answer time and one or two direct 

static metrics. The second type of experiments has been planned to compare the 

effect of two static metrics on the answer time. This type of experiments is done to 

find the most efficient static metric. Finally, the third type of manual experiment is 

done to find the correlation between an indirect static metric and answer time value. 

Since the indirect metric are defined by multi direct static metrics, this type of 

experiments provides us with several options for usability improvement. Based on 

the result of this type of experiments, if we collect the improvement time spent on 

each of static metrics, there will be an opportunity to find the most convenient way 

of improving document usability.  

 

In the automation estimation phase, since we needed more items as the input 

data of machine-learning methods, we have worked on 150 inconsistent documents. 

They had the relevant xml files and dynamic records. So there was a need to provide 

static metrics for them. Using Quality Monitor infrastructure, we succeed to extract 

the static metrics for these 150 items. So we have added their information to the 

aggregated data table to provide about 270 records for machine-learning methods. 

 

 After increasing the dataset’s items (to 270 records), again we have 

implemented machine-learning methods using python code in Jupyter environment. 

In this step, there was no need to extract the information to Excel sheets. All of test 

accuracy diagrams and Linear regression values have been generated using our 

implemented programs.  

 

Within the machine learning process, we have separately categorized the 

documents based on two dynamic metrics namely ATS (Average Time in Session) 

and ATW (Average Time per Word). Each categorization has been done for 

classifying the documents to two easy and hard groups. Then the estimation 

accuracy has been evaluated for two KNN and Decision Tree methods. For the 

KNN method we have tried to tune the model to get the best estimation accuracy. 

 

 We have followed the supervised learning approach to estimate documents 

usability. In a supervised learning method, the machine knows the output of the 

algorithm before it works on it or before it learn about it. If the estimation accuracy 

value goes down during this process, the training data plays its role to guide the 

algorithm back toward the right path. Within supervise learning method, using an 

algorithm the input variables (x) are connected to the output variables (y). This 

method is used for solving two types of problems namely classification and 

regression issues. In classification problems, we categorize all output variables into 

several groups. Vector machine is the most common model is used for this type of 

problems. KNN is a popular algorithm for classification issues. In regression 

problems, the output variable types are a real number. A linear format is followed 

to solve this type of problems. The Linear regression algorithm is usually used for 

solving regression problems.  
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K Nearest Neighbors algorithm predicts a new point category based on its 

neighbors. It works according to the voting of the nearest categorized point. The K 

value is a parameter for this algorithm, and we can set it as the number of voters. If 

we changed the value of K, the estimation test would be changed, and we can test 

different K value to get the best estimation. This process is called KNN tuning. As 

another technique to improve KNN estimation, we can use N-folding method. 

Using this technique, we can split the whole data set to N partition. Then we run 

the algorithms N times. In each cycle, we set one of the partitions as the test data. 

In this way, the machine is taught using different sets of training data. The average 

of all cycles’ estimation accuracy is considered as the final test accuracy.  

 

 

3.3 Method description  

 

 The following steps should be done to conduct this research; 

 

1. A data collection of existing documentation including their static and 

dynamic measurements will be provided. It is worth to mention that the 

values of static and dynamic metrics will be respectively provided using  IQ 

assessment and QAnalytics infrastructures described in the Background 

section.  During this step,  some of the static metrics will be required to be 

normalized using the suitable normalization techniques [32]. The provided 

data set will include static metrics such as text size and the number of broken 

references. All of the static metrics have been explained in sections 2.2 and 

2.3. The data set also contains the average answer time for the document’s 

relevant questions. For instance, if there are 10 questions for a document, 

the average answer time for all of them is considered as the document’s 

answer time. 

2. Some manual experiments will be done to prove the probable correlation 

between static and dynamic metrics. During these experiments, some 

diagrams are created based on static and dynamic metrics. Then we will 

guess an area as a risky area. A risky area is a group of items with a higher 

density of hard documents. Then it should be proved if the initial guess is 

true or not. For example, the deadline of answer time can be changed (e.g., 

from 10 to four minutes) to classify the items into two groups namely easy 

and time-consuming documents. For each deadline of answer time, the 

density of hard documents in the risky and safe area will be monitored. So 

we can prove whether our guessed area is really a risky area or not. If we 

can prove our guess, some reasons should be also provided to clarify why 

the guessed area includes more time-consuming documents.As a critical 

issue, we will change the initially selected area to observe if the narrowed 

or wided area is a risky area or not.  

3. The founded correlation in step 3, will be visualized using diagrams and 

they will be interpreted to answer RQ2. These diagrams will also be used to 
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discuss stop improvement points and efficient ways for usability 

enhancement (RQ3). 

4. Some manual experiments will be done to demonstrate the different 

influence of static metrics on answer time metric. In this way, we will 

determine which of the static metrics have more effect on the dynamic 

metric amount (RQ4).  

5. The documents will be classified based on two dynamic metrics namely 

Answer Time in Session (ATS) and Answer Time per Word (ATW). ATS 

is the average answer time spent on a document’s questions. The questions 

have been answered by different users. ATW is defined as ATS divided by 

document size (the number of words). 

6. Two classified documents will be analyzed separately to find a correlation 

between documents structure metrics and their usability figures. IPython 

notebook as an interactive shell will be used in this step to apply the KNN 

method on the provided dataset [30]. The estimated result of test data will 

be compared with the real data to find the test accuracy rate. To improve the 

estimation, we can change the classification parameters using the k value in 

K-Neighbor Classification method. We will use KNN method because it is 

easier to understand. In addition, As it was mentioned, this method is 

tunable using the K value to improve the test accuracy rate.  

7. To provide a probable better estimation, we will also try to use Decision 

Tree method for classifying the documents. In this step, we will compare 

the test accuracy of both KNN and Decision Tree methods. The higher test 

accuracy will specify the better prediction method. It is worth to mention 

that the test accuracy value depends on the dataset and its applying 

prediction method.  

8. Linear regression method will be used to estimate the ATS and ATW values 

based on static metrics. We will use this method to get the coefficient values 

as a precise answer for RQ4. 

 

 

3.4 Reliability and validity  

 

3.4.1 The current positive points of reliability and validity 

 

 As it was mentioned before, the documents have been provided by Ericsson. 

Each of them is part of a unified manual about network system. In simple words, 

each of documents is a section, page or chapter of a unified manual. They include 

the information of a specific network system, its configuration settings, security, 

and maintenance instructions. So all of them are about a concrete technical subject. 

So they can be considered on the same level of readability, understandability, and 

learnability. So the answer time can be considered as a context-free metric. Hence, 

its value is more influenced by the structural figures.  
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Moreover, the answer time figures have been gathered using an automated 

monitoring system. So the dataset has been provided precisely without any human 

errors. In addition, because of the transparent monitoring environment, the users 

have been more comfort to do their survey in the real normal mode. Consequently, 

the provided dynamic metrics can be considered as the reliable data. 

 

 Moreover, for automated analysis, we have guaranteed that the result is 

repeatable. For example, in the KNN method we have used N-folding technique. 

Otherwise, for each run different score values would be gained.  
 

3.4.2 The required improvements for the reliability and validity 

 

In the current state of the thesis, we have focused on designing manual 

experiments and automated procedures to estimate the documents usability.  To 

check the reliability of the thesis results, it is better to provide a rich dataset in the 

future. In this way, we can compare the result of linear regression method with 

manual experiments outcomes to check the consistency between the results. 

 

Also, we should engage more real users in a different level of knowledge to 

gather more reliable data. For this purpose, there is a need to provide a website 

presenting the real technical documents for different products or services. Then we 

should transparently monitor the user's navigations to gather the answer time value. 

In this way, different levels of users will participate in data providing process. So 

the average answer time for each document can be more reliable. 

 

Future more, all the current sets of documentation belong to a network 

configuration domain. For providing a more reliable answer time, we should 

include other types of technical documents in the research. The mentioned 

document presentation website could also lead us to have a variety type of technical 

documents. So we will gain a more reliable correlation formula between static and 

dynamic metrics. 

 

The mentioned document presentation site could also help us to gather users’ 

real questions. In the current state of the thesis, the questions have provided by 

Ericson company. So the designed questions are in the words of document provider 

or questions providers. As they have a background of the documents, they are 

probably using the documents terminology and keywords for designing the 

questions. So the answer time for the designed questions could be less or higher 

than the real questions. For example, assume a designed question as “How to edit 

the customer profile information?” with the real user’s question “How I can change 

my email account?”. Two mentioned questions are in the same text area. However, 

the first one in the document provider words and the second one is in user’s words. 

So their answer time value is different. In the document presentation site, the users 

are looking for their questions in their own words. So the answer time values will 

be more realistic. 

 

As another improvement, we should prevent repeated questions for a user. 

Assume a user is looking for the answer to a question such as “How to change the 

localhost port for my computer?”. The first answer time is valid. However if the 

same or similar question is answered again by the same user as she has a 
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background memory of the answer area (in the document), the answer time will not 

be valid anymore.  

 

About Answer Time metric, we have considered the average of times for a 

document’s questions as its answer time value. So it will be a good idea to afford 

more questions for each document to have a more reliable answer time. In addition, 

it seems that we should balance the complexity of questions between the 

documents. However, complexity balancing between the documents is not a 

straight-ahead issue. As an approach for example we can provide complex 

questions for more understandable documents and we can provide easy questions 

for less understandable questions. This means that we should weight the documents 

based on their contents. So this approach is not in the current thesis scope because 

the existing thesis is based on a content-free approach. As another solution for 

balancing the complexity of questions, we can provide the same level of not deep 

questions for all documents. In this way, the structure of documents will pay more 

roles than their content to find the questions’ answers. 

 

 

3.5 Ethical considerations  

 
Two ethical issues have been considered during the current research. For the 

first concern, in the data set the users have been identified with an Id code to keep 

their privacy. It means that there is no information about their profiles such as their 

full names. As a benefit for us, when the users are acting in anonymous mode, they 

are psychologically not trying to find their answer competitively. So they will be 

more comfortable, and their exploration will be more normal and real. For the 

second ethical consideration, there has been a formal contract between the 

researcher and Ericsson firm to prevent abusing the provided documents. So the 

researcher has not any permission to publish their contents. He has also no 

permission to sale the documentation to any company or person. 
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4 Evaluation   

4.1 Risky area 

 

 In this section, three types of experiments have been provided to find the risky 

area. The risky area is the range of one or several static metrics including a higher 

density of hard documents. The hard document is a document with average answer 

time more than a specific value (e.g., average answer time > 600 seconds). 
 

4.1.1 The initial correlation experiment 

 

In this section, we want to present some manual experiments to find a risky area. 

The initial selection of the static metric’s range as a risky area is based on a 

reasonable guess. Then we should prove if the guess is true or not. During this 

section we have provided some types of experiments to answer three first research 

questions of the current thesis; the experiments will prove the probable correlation 

between static and dynamic metrics. Then we will interpret the experiment’s result 

to represent a usability improvement suggestion with a determined stop point for 

static metrics improvement.   

 

 For the start point, we decided to create the following pair plots for answer 

time based on Text Size and Xml Size metrics separately. The red line is a border 

for specifying the deadline of answer time (600 seconds). So the item plots over the 

red border are time-consuming documents. As you can see in Figure 4.1, there is 

not a noticeable linear relation between the answer time and the size metrics. So it 

seems that we should use multivariate analyses [33] to find some hidden 

information. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1: Answer time pair plot for two size metrics 
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 In the following two-dimensional diagram, the red dots specify the time-

consuming items with answer time more than 600 seconds. As the character of the 

plot-pair, there is a not surprising correlation between Text Size and Xml Size 

metrics. It means that while the amount of documents content (Text Size) increases 

the structure size (Xml Size) will also grow.    

 

 
 

Figure 4.2: Two-dimensional diagram of size metrics 

 

 Similarly, we have created a paired plot of answer time based on two Text 

Size and Pointless Abstraction metrics (Figure 4.3). Based on this diagram, can we 

find a risky area for answer time? As a start point, two groups of documents have 

been defined. The B group’s items are the documents with a high value of Text Size 

and Pointless Abstraction (Text Size >= 0.7 and Pointless Abstraction >= 0.8). The 

rest of the objects have been defined as A group. As a guess, the large documents 

with too many sections containing just one subsection (B group) could be more time 

consuming to find a question’s answer. So Scientifically there are two questions 

here; firstly is our mentioned guess true? Secondly, If it is right, how much the 

document size or pointless abstraction metrics affect the answer time? 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3: Two defined groups based on our guess 

A 

B 
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 Figure 4.4 demonstrates an experiment has been designed to answer two 

mentioned questions. In this experiment, the answer deadline time has been 

decreased from 10 minutes to four minutes. So at the first step, the items with 

answer time more than 10 minutes are considered as hard documents. At the second 

step, the deadline decreases to nine minutes. So the objects with answer time more 

than nine minutes will be counted as time-consuming documents. Naturally, the 

count of hard documents increases gradually while the deadline decreases. As a 

purpose, we want to know how the number of red points (hard documents) is 

increasing in each group. 
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10 minute-dead line / 10 hard item 

 

 
9 minute-dead line / 15 hard item 

 

 
8 minute-dead line / 18 hard item 

 

 
7 minute-dead line / 25 hard item 

 

 
6 minute-dead line / 29 hard items 

 
5 minute-dead line / 40 hard item 

 

 
4 minute-dead line / 51 hard item 

 

 

Figure 4.4: The designed experiment to monitor the hard documents counts 
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 Based on this experiment, the number of hard documents for both groups has 

been illustrated in the following figure. As you can see, the number of time-

consuming items in B category is always more than A group. It can be said as the 

whole members of B group (75 items) is more than the A group (41 items), so the 

higher number of hard documents in B group could be because of its population. 

Hence, it might not be related to the large values of Text Size or Pointless 

Abstraction metrics. So it is better to observe the density of hard documents to gain 

an accurate result. 

 

 

  A B 

Ten 3 7 

Nine 5 10 

Eight 5 13 

Seven 8 17 

Six 9 20 

Five 11 29 

Four 13 38 

 

 

  

 
A ___                B ----- 

 

Figure 4.5: The hard documents count in both A and B group 

 

 

 Figure 4.6 has provided the density of hard documents in both categories. As 

it can be seen, all B groups’ figures are higher than A group’s values. Furthermore, 

the growth of B category is sharper than A group. Therefore, B group can be 

considered as a risky area. In simple words, the large documents containing too 

many pointless sections have more potential to be time-consuming. So to improve 

their usability, it could be an efficient way to decrease their size or to merge their 

pointless sections. In that way, we can move the documents from B risky group to 

the safer A group. In other words, we will inevitably decrease their answer time and 

their probability of being a hard document.  

 

 Based on this experiment, we have found some short answers for RQ1 and 

RQ3. For the first question, we have found a correlation between two static metrics 

and the answer time. As the answer to the third question, the border between two 

mentioned groups (A and B) can be considered as a stopping point for improving 

two relevant static metrics. 
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  A B 

Ten 0.07 0.09 

Nine 0.12 0.13 

Eight 0.12 0.17 

Seven 0.20 0.23 

Six 0.22 0.27 

Five 0.27 0.39 

Four 0.32 0.51 

 

 

 

 
A ___                B ----- 

 

Figure 4.6: The density of hard documents in both groups 

 

It can be asked what is the criteria for selecting the specified range (Text Size 

>= 0.7, Pointless Abstraction >= 0.8) as a risky group. What will happen if we 

change the range larger or smaller? To answer this question, we should define a 

risky group more clearly. The risky group is the range of static metrics including 

the higher density of hard documents in comparison to the rest area. For example, 

in figure 4.6, while we are decreasing the answer deadline from ten minutes to four 

minutes, the density of hard documents in B group is always more than A group. 

So we can call B category as a risky group. As you can see in the Appendix section 

(Figure A.1, A.2, A.3, and A.4), For 116 documents, we have observed 16 area 

based on Text Size and Pointless Abstraction to specify which of them could be 

considered as risky groups. The provided result has been demonstrated in Table 4.1. 

For example area 7 is a risky range. Area 8 as a wider range is again a risky group. 

However, area 6 as a smaller range is not a risky anymore. 

 Text Size 

 TS >= 0.9 TS >= 0.8 TS >= 0.7  TS >= 0.6 

 

Pointless 

Abstraction 

>=0.9 Area 1:  R Area 2: R Area 3: R Area 4:R 

>= 0.8 Area 5:  R Area 6: - Area 7: R Area 8: R 

>= 0.7 Area 9:  R Area 10: - Area 11: - Area 12: R 

>= 0.6 Area 13: R Area 14: - Area 15: - Area 16:  - 

Table 4.1: The risky groups for 116 documents 

 

 

As you can see again in the Appendix (Figure A.5, A.6, A.7, and A.8), we have 

applied the mentioned observation for 273 files.  While Area 2 has been a risky 

group for 116 documents (Table 4.1), it is not a risky group for 273 documents 

(Table 4.2). Conversely, Area 7 is a risky group for both data sets. So it can be 

considered as a reliable risky range. 

 Text Size 

 TS >= 0.9 TS >= 0.8 TS >= 0.7 TS >= 0.6 

 

Pointless 

Abstraction 

>= 0.9 Area 1:  R Area 2: - Area 3: - Area 4: - 

>= 0.8 Area 5:  R Area 6: - Area 7: R Area 8: R 

>= 0.7 Area 9:  R Area 10: - Area 11: - Area 12: - 

>= 0.6 Area 13: R Area 14: - Area 15: - Area 16: - 

Table 4.2: The risky groups for 273 Documents 
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The mentioned risky area observation can be applied for a rich dataset to specify 

a more precise risky area. Assume area 7 remains as a risky area for 10/000 

documents. So in that case, we will be sure a set of documents in the specified range 

(Text Size >= 0.7 and Pointless Abstraction >= 0.8) are prone to including more 

hard documents.  

 

It is worth to mention that for a rich dataset it will be better to split the static 

ranges to more minor sections. For instance instead of 16 areas (Table 4.2) we can 

consider 32 areas.  

 

As another point, the mentioned observation can be applied to all pairs of static 

metrics (e.g., Text Size and Text Uniqueness) to determine the risky areas based on 

different pairs of static metrics. In this way, we will have countless options to 

improve a set of documents’ usability. 

4.1.2 The most efficient static metric 

 
The previous section provides some experiments which are not able to answer 

the last research question about the most efficient way of the usability improvement. 

In this section, we have tried to compare the effect of static metrics to answer this 

question. 

 

 To compare the effect of two metrics for usability improvement, an 

experiment has been done using Text Size and Text Uniqueness metrics. The B 

group is defined as a set of large documents with high text uniqueness (Text Size 

>= 0.7 and Text Uniqueness <= 0.55). As you can see in figures 4.7 and 4.8, hard 

documents density in B group is always more than A group. It means that a long 

document even with the advantage of uniqueness can take more explored time for 

finding an answer. In more sensible words, the readers may find too many results 

for their search terms in large documents even if they have unique content. So they 

should spend more time to explore search results one by one to find the answer 

section. Therefore, to help the readers, it is better to summarize the contents rather 

than to paraphrase them for being uniqueness. In this way, the users have the 

opportunity to find the search terms in fewer text scopes. So they can find the 

answer scope more easily.  

  

 This type of experiments can help us to find a more effective way to improve 

the documents (RQ4). For example, we have found that the test summarization has 

more priority than text uniqueness. If the cost of text summarization is less than text 

paraphrasing, we should certainly improve text size instead of uniqueness metric to 

get the best usability.   
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Figure 4.7: Text Size and Text Uniqueness pair plot 

 

 

 

 

  A B 

Ten 0.04 0.13 

Nine 0.07 0.18 

Eight 0.07 0.23 

Seven 0.17 0.26 

Six 0.19 0.31 

Five 0.26 0.42 

Four 0.33 0.53 

 

 

 

 
A ___                B ----- 

 

Figure 4.8: Hard documents density in both A and B groups 

 

 

In the previous experiments, Text Size has been one of the improving metrics. 

However it is not easy to summarize the documents; to clarify the information, there 

is always a need to describe the details, issue steps, presenting an example, table 

and figures. So it can be a good idea to design a Text Size free experiment. To 

achieve this purpose, we have planned an experiment based on the single Step List 

Fraction metric. B group has been defined as the documents without any Step List. 

According to its result (Figure 4.9), the documents without any issue step list have 

more potential to be time-consuming; step list segments help users to find the 
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answer scope more easily. Furthermore, they usually include short, memorable 

sentences in each step, so they assist the readers to follow the task steps in less time. 

Therefore, as B group losses the mentioned features to decrease answer time, it 

includes more hard documents. 

 

  A B 

Ten 0.10 0.07 

Nine 0.12 0.14 

Eight 0.15 0.16 

Seven 0.16 0.3 

Six 0.18 0.37 

Five 0.29 0.44 

Four 0.40 0.51 

 

 

 

 
A ___                B ----- 

 

Figure 4.9: Hard documents density based on Step List Fraction metric 

 

4.1.3 Indirect static metric experiment 

 In two previous sections, there were only two options for improving the 

document usability (e.g., the improvement of text size or text uniqueness). In this 

section, we will provide an experiment to represent more usability improvement 

suggestion. Then it will be described how we can use the existing experiment and 

a timesheet history to find the most efficient improvement way.  
 

In all prior experiments, the risky areas have been defined based on the direct 

static metrics. So in each of them, we had only one or two improving options. To 

provide more improving choices, we should use indirect static metrics. For 

example, we have used two indirect Text Complexity and Referential Complexity 

metrics for grouping the items. According to the outcome illustrated in the 

following figure, B category with both values ranges more than 0.5 has been 

founded as a risky area. It means that textual and referential complex group contains 

more hard objects. As Text Complexity has been defined using two Text Size and 

Step List Fraction metrics, we have two choices to improve it. For Referential 

Complexity we have more options because it has been defined based on five 

Internal/External, In/Out and Cross References metrics. 
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  A B 

Ten 0.08 0.09 

Nine 0.13 0.13 

Eight 0.13 0.18 

Seven 0.22 0.21 

Six 0.25 0.25 

Five 0.32 0.38 

Four 0.4 0.48 

 

 

 

 
A ___                B ----- 

 

Figure 4.10: Hard documents density based on two indirect metrics 

 

Which of the direct metrics mentioned for each of indirect complexity metrics 

can be more efficient? (RQ4) For example which of the five choices for Referential 

complexity improvement will be more time-saving?  The answer to this question 

depends on the improvement time spent for each of the direct metrics. The history 

of timesheet can help us to calculate the average improvement time for each direct 

metrics. This method can be considered for the future works of this research. 

However, to provide an answer in the current thesis, as it has been described in 

section 4.4 (Answer time estimation), the coefficient values of the Linear 

Regression method should be considered. 

 

For the final manual experiment, we have monitored the density of hard 

documents for the single indirect Anti Pattern metric (Figure 4.11). As a result, the 

B group with too high Anti-Pattern value (Anti-Pattern >= 0.90) is more potential 

to include time-consuming texts (Figure 4.12). It can be improved using one of six 

defining metrics namely Stability, Back References, Isolated Documents, Broken 

References, Pointless Abstraction, and Revision Overtime.  
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10 minute-dead line / 10 hard item 

 

 
9 minute-dead line / 15 hard item 

 

 
8 minute-dead line / 18 hard item 

 

 
7 minute-dead line / 25 hard item 

 

 
6 minute-dead line / 29 hard items 

 
5 minute-dead line / 40 hard item 

 

 
4 minute-dead line / 51 hard item 

 

Figure 4.11: Pair plot diagram for the single indirect Anti-Pattern metric 
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  A  B 

Ten 0.07 0.14 

Nine 0.12 0.19 

Eight 0.14 0.24 

Seven 0.19 0.33 

Six 0.22 0.38 

Five 0.29 0.57 

Four 0.37 0.76 

 

 

 

 
A ___                B ----- 

 

Figure 4.12: The trends of hard documents based on Anti-Pattern groping 

 

 

The density experiment could be tested for all static metrics to find the risky 

area. We have preferred to point out just a few mentioned cases for not having a 

boring report. It can also run for the super indirect Quality metric. In this way, all 

of the static metrics can be included for usability improvement process.  

 

As an important point, the risky area contains both hard and easy documents. In 

other words, the improvement effort is made for improving a group of documents. 

So the major parts of the effort will be wasted for easy enough documents included 

in the risky area category. In addition, the hard items of the so-called safe category 

are missed in this approach. So for a more efficient precise method, we need to 

estimate document usability individually.  

 

 

4.2 Machine learning estimation 

4.2.1 Documents classification 

 
In this phase, again the documents categorized into two time-consuming and 

accessible documents. We have categorized them based on ATS and ATW dynamic 

metrics separately. ATS (Average Time in Session) means the average answer time 

for a document. ATW (Average Time per Word) equals to ATS divided by Text 

Size. For both categorizations, we have searched to achieve the best value of test 

accuracy. Test accuracy is defined as the number of correct estimation divided by 

the whole test data items. 

 

 As a first step, we have labeled the documents with ATS more than 600 

seconds as time-consuming items. So based on the ATS criteria each item has been 

labeled as a hard or easy document. We have considered the direct static metrics as 

the features of the items. Then we have used the KNN method as a training model. 

40 percent of the documents have been devoted to testing data. We have changed 

the K value from one to nine to get the best estimation for the used KNN method. 

The mentioned KNN tuning approach has been implemented by a python program. 

As it has been demonstrated in figure 4.13, in each run cycle of the program 
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different values of the test accuracies have been gained for K values. The reason 

for this problem is not so complex; in each round, the KNN model uses random 

items as the test data part, so the test accuracy changes for each run cycle.  

 

 

      

 

   
Figure 4.13: Different test accuracy figures for K values in each program run 

 

 

 For solving the mentioned problem, for ATS based categorization, ten-fold 

cross-validation [30] has been applied to the KNN method. Again the K value has 

been changed from one to nine to find the best tuning. As a result, the best accuracy 

score was 0.904 for K=6 (Figure 4.14). The implementation code for this solution 

has been explained in the Appendix section. The mentioned process has been 

repeated for seven defined indirect metrics gaining the same result. Ultimately, the 

analysis has been replayed for the super indirect “quality” metric, and again the 

same accuracy score has been gained for K=8. 
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Figure 4.14: The stable test accuracy for K values 

 

We have made the prior classification flexible based on the answer time 

deadline; the data objects with ATS more than D has been labeled as hard 

documents. We have assigned a set of values equals 600, 570, 540, 510, 480, 450, 

and 420 seconds for D parameter. As it has been shown in Figure 4.15, the decline 

of D parameter leads us to worse test accuracy. This downward of estimation 

accuracy can be reasoned with different interpretation; as the first technical reason, 

when D value decreases, the amount of hard documents increases. Since their 

distribution is in the variant ranges of static metrics, so the estimation issue is going 

to be more difficult. In other words, for the highest value of D parameter (600 

seconds), there are a few hard items in the training data so they can be classified 

efficiently and correctly based on the static metrics. As the second reason, the 

higher value of D parameter creates a better opportunity for the readers to find the 

answers. In simple words, the readers have more time to use the benefits of static 

metrics. So the effect of the static metrics is stronger when the users have more time 

to explore the document contents. It leads us to have a better estimation based on 

the more influencing static metrics. 

 

 
Figure 4.15: The test accuracy downward trend for D value 

 

 The KNN processes have been applied to ATW based categorization. The 

items with ATW more than 800 have labeled as hard documents. For direct metrics, 

the estimation accuracy has been 0.908 for K equals to 8. For indirect metrics, it 
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improves silently to 0.912 for K=2. However, for “quality” metric, it decreased to 

0.839021 for k=9. 

 

 We have also implemented the decision tree estimation for all direct, indirect 

and Quality metrics separately. In this step, we have only used ATS based 

classification. As a result, the test accuracy has been approximately 0.81 for all of 

them. So for the current dataset, the test accuracy of KNN method (0.904) has been 

better than the decision tree’s test accuracy. As the future work, after providing a 

rich dataset, we should compare again the test accuracy of KNN and Decision tree 

method.  

 

4.2.2 Answer time estimation 

 
 After using two prior methods (KNN and Decision Tree) for documents 

classification, we have employed Linear Regression method to estimate the value 

of ATS based on the static metrics. It means that there is no classification such as 

easy and time-consuming documents. Instead of that, we have predicted the average 

answer time based on the document’s structure. As a result, the coefficient value 

for each direct metric has been provided in table 4.3. The highlighted coefficient 

values do not seem logical. For example, Broken References should lead us to a 

higher answer time. So its negative value is not convincible.  Since the value of 

mean absolute error (212.24 seconds) is not acceptable, we have not tried to 

interpret the logical or illogical coefficient values. As the future requirements of 

such discussion, we should try to increase data set items to get the acceptable 

estimation.  

 

 If we provide rich data set to get the reliable coefficient values, they will be 

the best answer for RQ4. In that way, the coefficient value will express the influence 

of the relevant static metrics. So in the case of the short deadlines and limited 

budget, the information providers can focus on the most efficient documents 

metrics. 
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  Static Metric Name Coefficient Value 

1 Text Size 146.63 

2 XML Size 75.53 

3 SubSection Depth -442.14 

4 SubSection Width -120.32 

5 StepList Fraction -50.87 

6 BackRefrencess -9.96 

7 Broken References -29.02 

8 Cross Refrencess -337.23 

9 External References 91.34 

10 Internal Refrencess -51.55 

11 Out Edge Count 359.00 

12 Pointless Abstraction 77.82 

13 Text Similar 337.41 

14 Text Similarity 162.84 

15 Text Uniqueness -693.75 

16 XML Similarity -1098.68 

17 XML Uniqueness 1096.13 

18 Grammar Issues 172.20 

19 Spelling Issues 39.86 

20 Style Issues -98.65 

21 Terminology Issues -98.98 

22 Missing Info 10.57 

23 Revision Over Time 24.28 

Table 4.3: Coefficient values for the direct static metrics 

 

 

 For indirect metrics, the coefficient values have been balanced more logically 

because of the aggregation of the metrics (Table 4.4). Moreover, the mean absolute 

error value (205 seconds) has been improved by 7 seconds. However, its value is 

still disappointing. 

  

  Static Metric Name  Coefficient Value 

1 Referential Complexity 144.490 

2 Uniqueness -252.961 

3 Hierarchy Complexity -361.148 

4 Style -53.663 

5 File Complexity 190.664 

6 Anti Patterns 96.587 

7 Text Complexity 16.610 

Table 4.4: Coefficient values for the indirect static metrics 

 

 

Finally, for quality metric, the coefficient value is 38.54 and mean absolute error 

have been improved to 201.31 seconds. 
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The result of ATW estimation has been doubly worse than ATS based 

outcomes. For instance, the value of Mean Absolute Error for the direct and indirect 

metric is 430 seconds. The value of MAE for Quality metric as a super indirect 

metric has been improved to 402 seconds. Therefore we have preferred not to 

include the coefficient values of ATW estimation in this report.   

 

 

In section (4.1), we aimed to improve the usability a set of documents using 

manual experiments while in the next section (4.2), we aim to improve the usability 

of an individual document using automated methods. As it was mentioned, there 

were two negative points for the manual approach. Firstly, we miss some hard 

documents in the so-called safe area. Secondly, we waste time for easy enough 

documents included in the risky areas. The automated approach will not have such 

disadvantages. However, we need to provide a rich dataset to gain satisfied 

prediction for an individual document. If we provide a rich dataset, we can compare 

the founded correlation in both approaches to be sure about the validity of the 

results.  
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5 Conclusions and future work 

  
 As the result of this thesis, we succeed to find a clue for all the following 

questions mentioned in section 1.4 (Problem statement); 

1. Is there any relation between statics and dynamics metrics? 

2. If there is a relation, how we can get the improvement recommendation of them? 

3. If there is a correlation, what is the stop improvement point in the case of the 

cost and time limitation? 

4. How can we find the most efficient way to improve documentation quality 

based on the analyzed metrics? 

 

 For the first question, using the manual experiment, we have found the risky 

area for some static metrics. Although such a result does not determine the precise 

correlation between static and dynamic metrics, they give us some information 

about the hard documents density based on static measure ranges. It is worth to 

mention that during the manual experiments, we have tried to show the relation of 

some static metrics (e.g., Text Size and Text Uniqueness) and the Answer Time as 

a usability metric. In other words, the risky area has been found for not for all of 

static metrics. However, the designed experiments can be applied for unused static 

metrics to find the new risky areas.   

 

In order to get a precise correlation, we have tried to use the Linear Regression 

method. We have tried to find the correlation between 30 static metrics (23 direct 

and 7 indirect metrics) and a document’s average answer time value. However, 

since there has not existed rich data set, the gained value of mean absolute error has 

not been acceptable. So the coefficient values are not reliable. As a future work, to 

achieve a satisfied probable correlation, there should be thousands of items 

including real value about answer time. To provide such rich dataset, a website 

should be developed representing the real published technical documents. The 

product customers could be encouraged (e.g., using the companies discounts and 

bonus) to solve their problems through the website. In this way, a sufficient set of 

real answer times could be gathered to train the estimating model.  

 

About the second question, the interpretation of the manual experiment’s 

outcome could be considered as the improvement suggestion for the writers. For 

example, we have found that large documents with too many pointless sections 

(sections including only one subsection) are more prone to being a hard document. 

Assume a set of large documents (Text Size > 0.7) with a high value of pointless 

abstraction (more than 0.8). Assume 30 percent of them are hard documents (with 

answer time more than 10 minutes). Then if we summarize their content or merge 

their pointless sections, the hard documents percentage will decrease to less than 

30 percent.  

 

To find an improvement suggestion for an individual document. We need to 

provide a rich dataset to find a reliable coefficient value for static metrics. For 

instance, in this way, we will be able to predict the answer time trend while its Text 

uniqueness increase from 0.6 to 0.7 and its Text Size decrease from 0.8 to 0.7. 

 

As a future issue, the unexplored documents with null answer time value could 

be analyzed to get more improvement recommendation. So there should be a map 
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between unanswered questions and their relevant documents. Such items can be 

considered as not well-structured documents. So their metrics can be analyzed to 

get some improvement suggestion. 

 

About the third question, the border between safe and risky area can be 

considered as the stop point. Its value is also dependent on the project budget and 

deadline. As it was demonstrated in tables 4.1 and 4.2, we changed a risky to prove 

which ranges of Pointless abstraction and Text Size metric can be considered as a 

risky area. This type of observation can be applied to all pairs of static metrics to 

specify the rectangle risky areas (Like figure 4.3). So the border of the rectangle 

can be considered as the stop point. For example, the stop point of text 

summarization is 0.7. Also, the value 0.8 can be considered as the stop point for 

merging pointless sections. 

 

Moreover, the estimation of the KNN method can be used for stop point during 

the improvement process; the items are estimated as easy documents can be 

excluded from the improvement procedure.  

 

 For the last question, in the current state of the thesis, we have not found the 

complete answer yet. However we currently know how to specify the most efficient 

static metric; Using the manual experiments, for each static metric we should have 

the spent time for its unit improvement. So we should have an infrastructure to save 

the timesheet of the different static metrics improvement. Creating an automated 

structural analysis could help us for this issue, for example, based on a company 

budget and deadlines, the risky area can be selected by the analyzer application. In 

addition, according to the timesheet history, the software can recommend the most 

efficient static metrics to improve the document’s usability. 

 

 The result of manual experiments could help the documents provider to set a 

priority for improving their documents. As a goal, it is needed to focus on the 

documents located in the risky areas. Apparently, for each combination of static 

metrics, there would be different subsets of risky documents. In the future, an 

application can be developed to automate the manual experiments based on the 

desired static metrics. For instance, document providers can select a few static 

metrics to find risky areas for improvement. After improving the documents, two 

versions of them can be compared to see the improvement result.  

  

  The significant part of documents located in risky areas is already easy 

enough. So their improvement will be a waste of time. On the other hand, all hard 

documents in the so-called safe area will be missed. So for the future work plan, 

there is a need to work on the current machine learning issues to gain satisfied 

coefficient values. In simple words, we need to estimate the usability of each 

document individually. To achieve this purpose, we should provide a rich data set 

of documents to estimate the effect of static metrics on answer time. Then it will be 

possible to classify a document to the easy or time-consuming group based on its 

structure. In this way, there will be an opportunity to distinguish hard documents 

individually.  

 

 After providing more reliable coefficient values in the machine learning 

process, we will be able to compare them with the result of manual experiments 

result to check the consistency of the outcomes. 
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 Moreover, we can classify the documents to more than two easy and hard 

groups. For example, we can define a third moderate category of documents. Then 

we might represent a different order of efficient static metrics based on their value 

ranges. For example, the pointless abstraction metric can be very effective to 

migrate documents from hard category to moderate group. However, this metric 

might lost its efficiency to promote items from moderate category to easy group. In 

simple words, the influence of static metrics can be changed in the different range 

of values.  

 

 As a final future work, we can develop a Word process plug-in to inform the 

estimation of documents usability for the editors. For instance, while the 

documentation providers open a document, the plug-in alert the content as time-

consuming text. The usability estimation plug-in can suggest some ways to improve 

the text. For instance, it can highlight the clone sections to paraphrase them. The 

plug-in can also recommend to summarize the text or merge some subsections to 

decrease the hierarchy complexity. Then the writer is going to apply the suggestions 

to improve the document usability. After applying some issues, the plug-in alerts 

the document as a moderate text. So the writer gets informed that she is on the right 

path. So she continues to apply the rest of the improvement suggestions. Finally, 

the plug-in informed the writer that the document is easy enough. Similarly, the 

usability estimation plug-in can also predict the document’s average time answer 

while the writer is editing its content.  

 

 The time estimation plug-in can be developed based on the currently 

implemented codes (for linear regression method). However, the result will not be 

satisfied. As it was mentioned before, we need to provide a rich dataset to decrease 

the mean absolute error for providing a good enough estimated answer time.  
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Appendix 
 Text  Size >= 0.9 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.1: Changing Pointless Abstraction range for Text Size >= 0.9 

(For 116 Documents) 
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 Text  Size >= 0.8 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.2: Changing Pointless Abstraction range for Text Size >= 0.8 

(For 116 Documents) 
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 Text  Size >= 0.7 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.3: Changing Pointless Abstraction range for Text Size >= 0.7 

(For 116 Documents) 
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 Text  Size >= 0.6 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.4: Changing Pointless Abstraction range for Text Size >= 0.6 

(For 116 Documents) 
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 Text  Size >= 0.9 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.5: Changing Pointless Abstraction range for Text Size >= 0.9 

(For 273 Documents) 

 

 

 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

Ten Nine Eight Seven Six Five Four

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

Ten Nine Eight Seven Six Five Four

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

Ten Nine Eight Seven Six Five Four

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

Ten Nine Eight Seven Six Five Four

A B



62 
 

 Text  Size >= 0.8 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.6: Changing Pointless Abstraction range for Text Size >= 0.8 

(For 273 Documents) 
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 Text  Size >= 0.7 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 
 

Figure A.7: Changing Pointless Abstraction range for Text Size >= 0.7 

(For 273 Documents) 

 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

A B

0.00

0.10

0.20

0.30

0.40

0.50

0.60

A B



64 
 

 Text  Size >= 0.6 

Pointless Abstraction >= 0.9 

 

Pointless Abstraction >= 0.8 

 

Pointless Abstraction >= 0.7 

 

Pointless Abstraction >= 0.6 

 

 

Figure A.8: Changing Pointless Abstraction range for Text Size >= 0.6 

(For 273 Documents) 
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