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ABSTRACT 
 

 

 

Context This paper reviews methods for evaluating and analyzing the comprehensibility and 

understandability of models generated from data in the context of data mining and knowledge 

discovery. The motivation for this study is the fact that the majority of previous work has 

focused on increasing the accuracy of models, ignoring user-oriented properties such as 

comprehensibility and understandability. Approaches for analyzing the understandability of data 

mining models have been discussed on two different levels: one is regarding the type of the 

models’ presentation and one considering the structure of the models.  

Objectives In this study we review the concept of understandability regarding data mining 

models. 

Methods We present a summary of existing assumptions regarding model understandability 

followed by an empirical work to examine understandability from the user’s point of view 

through a survey to learn how human users perceive understandability of the models. 

Results From the results of the survey, we learn that models represented by decision trees are 

perceived as more understandable than models represented by decision rules. Using the survey 

results regarding understandability of a number of models in conjunction with quantitative 

measurements of the complexity of the models, we are able to establish a correlation between the 

complexity and understandability of models. 

Conclusions We conclude that the understandability of a generated model, in some level, is 

associated with the complexity or the size of the model but we cannot always rely on measuring 

understandability in this way and the problem certainly needs more study. 
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ABSTRACT 
This paper reviews methods for evaluating and 

analyzing the comprehensibility and 

understandability of models generated from data in 

the context of data mining and knowledge discovery. 

The motivation for this study is the fact that the 

majority of previous work has focused on increasing 

the accuracy of models, ignoring user-oriented 

properties such as comprehensibility and 

understandability. Approaches for analyzing the 

understandability of data mining models have been 

discussed on two different levels: one is regarding 

the type of the models’ presentation and the other is 

considering the structure of the models. In this 

study, we present a summary of existing assumptions 

regarding both approaches followed by an empirical 

work to examine the understandability from the 

user’s point of view through a survey. From the 

results of the survey, we obtain that models 

represented as decision trees are more 

understandable than models represented as decision 

rules. Using the survey results regarding 

understandability of a number of models in 

conjunction with quantitative measurements of the 

complexity of the models, we are able to establish 

correlation between complexity and 

understandability of the models.  

 

Categories and Subject Descriptors 
D.2.8 [Software Engineering]: Metrics- 

Performance measures 

H.2.8 [Database Management]: Database 

Applications – Data Mining 

H.1.2 [Models and Principles]: User/Machine 

Systems – Human Factors 

I.5.2 [Computing Methodology]: Design 

Methodology -Classifier design and evaluation  

I.2.6 [Artificial Intelligence]: Learning - Knowledge 

acquisition 

 

General Terms 
Measurement, Human Factors, Verification 

Keywords 
Understandability, metrics, data mining 

1. INTRODUCTION 
The primary task of knowledge discovery in data 

(KDD) and data mining (DM) is to map findings 

from databases, statistics and artificial intelligence to 

build tools that let users gain insight from massive 

datasets. DM is the core of the KDD process insofar 

that DM infers the algorithms that explore the data, 

develop the model and discover previously unknown 

patterns [1]. 

            Hiva Allahyari 

    Blekinge Institute of Technology 

             Ronneby,Sweden 

    Hiva.allahyari@gmail.com 

 



Whereas an important goal of KDD and DM is to 

turn data into knowledge, DM models are generated 

for different problems in a wide area such as 

marketing, healthcare, fraud detection and scientific 

discovery [2]. 

A well-known definition of KDD by Fayyad et al. 

[3] states that: “Knowledge discovery in databases is 

the nontrivial process of identifying valid, novel, 

potentially useful, and ultimately understandable 

patterns in data”. 

Although this definition has been quoted in many 

related studies and even though data mining and 

knowledge discovery in data has received a lot of 

attention in recent years, data mining algorithms are 

commonly only evaluated in terms of their 

prediction or classification accuracy rather than 

other factors [4]. There are a number of other factors 

such as interpretability, comprehensibility, usability, 

and interestingness that could be considered when it 

comes to the model selection [5]. 

The accuracy of models/learning algorithms is 

obviously an important criterion, but not the only 

dimension along which models should be measured 

to determine their suitability for a particular task or 

objective. If the objective is to use the discovered 

knowledge in human decision making, there are 

some other criteria to consider in addition to 

classification accuracy and classification or time 

performance [6]. 

If the domain experts cannot understand the 

generated models they may not be able to use them 

even if they are very accurate [1].In many 

applications models are generated with intention to 

use them for decision support. If the user cannot 

understand the model on which the decision was 

based, they may not trust the decision. In principle 

the need for understandable models arises when the 

model itself, not just its prediction, should be 

interpreted. For example a physician needs to 

understand the decision process of the model by 

itself, before using it as a decision support tool for 

purpose of diagnosis. Similarly in a financial 

application user would probably hesitate to invest a 

large amount of money if the model was not 

understandable to her/him. 

If we are serious about discovering knowledge that 

is useful for human decision making, we have to 

take into account understandability and associated 

quality attributes even though these are considerably 

harder to measure in a formal way [4]. 

In this study, we review previous work related to 

aforementioned properties and model selection and 

briefly describe the suggested methods regarding 

understandability measurement/evaluation. Some of 

the studies’ concentration has been on the models’ 

presentation and some studies elaborated the concept 

of understandability with regard to the models’ 

structure. 

Since on a conceptual level, the properties such as 

understandability, comprehensibility and usability 

may be regarded as quality attributes [5] and quality 

attributes are evaluated using quality metrics, we 

assume that metrics exist or can be defined for these 

learning-related quality attributes therefore we 

define our research questions as follow: 

RQ 1: How the concept of understandability can be 

defined with regard to data mining models? 

RQ1-1: What makes some models more 

understandable than other models? 

RQ 2: Which metrics can be used to assess or 

measure the model understandability? 

 

The remainder of this paper is structured as follow:  

The next section, reviews DM model evaluation 

criteria and related work. Section 3 contains a brief 

review of some of the theoretical assumptions about 

model understandability and presents these 

assumptions in two parts. One part is regarding 

model presentation and the second part refers to 

model structure. Section 4 describes the empirical 

work and the result of the survey. This is followed 

by a discussion in Section 5. Conclusion and future 

work is covered in Section 6. 
 

 

2. BACKGROUND 
The extracted information provided by data mining 

techniques may be used to gain knowledge about the 

studied problem or to generate models that interpret 

or categorize data via decision support systems. 

Although data mining is a general term that can be 

applied to a number of different activities, in the 

business world it is often used to indicate the process 

to find and describe structural patterns in data, or as 

a tool to explain the data and make predictions on 

the basis of data [7] [8]. 



While in this regard, classification is a preliminary 

step to categorize the data; Supervised learning (SL) 

has been shown to be a suitable approach for 

classification tasks. The objective in SL is to 

generalize from training data including a set of 

inputs and the correct output. In classification 

problems, SL algorithms generate what is known as 

classifier from data. Classifier is used to classify 

new, unseen instances into correct categories [5]. 

For example, an SL algorithm may be given a 

database consisting of patient data (input) and the 

associated diagnosis of each patient (output). The 

algorithm can then generate a classifier, which in 

turn can be used to diagnose new patients. 

An algorithm may be more or less suitable for a 

certain task depending on which properties are 

important for the task [9]. There is a list of criteria 

(Section 2.1) that are often relevant in consideration 

of which learning model to apply to a given task. 

The model selection could benefit from a two stage 

approach. One stage is about qualitative criteria and 

uses mainly static meta-knowledge on a limited class 

of models. The second stage is to choose the most 

suitable model within the preferred class. The 

selection process in second stage relies on multi-

criteria meta learning [6].  

In studies regarding the contribution of data mining 

and information science, it has been stated that better 

understanding of users’ requirements can facilitate 

the process of designing and developing more 

effective applications. Focusing on users’ need and 

evaluating the process based on users’ requirement, 

improve the efficient use of data mining techniques. 

It can possibly result in better end-to-end system 

performance, while resulting in a direct positive 

impact on the user experience as well [10]. 

As most of the discussed properties are qualitative in 

nature and may also be regarded as quite subjective, 

it is important to establish important aspects and 

levels of these properties. This would require 

theoretical analyses of these properties as they are 

defined in areas such as: psychology, statistics, and 

information retrieval [5]. 

 

 

2.1 Data Mining Model Criteria 
There is a list of criteria that are often relevant in the 

consideration of which learning model to apply to a 

given task e.g. classification accuracy, space and 

time constraints, model complexity, extendibility, 

compactness, prior knowledge encoding,  

comprehensibility, and understandability [4][5]. 

There are different approaches to measure each of 

the subjective qualitative aspects such as usefulness, 

interestingness, comprehensibility and 

understandability. 

Frietas [4] believes that in any case, where a human 

user needs to make strategic and important decisions 

based upon the discovered patterns, the 

comprehensibility of the patterns improves its 

potential usefulness, although it does not mean that 

comprehensibility by itself guarantees the usefulness 

of the patterns from the user point of view. 

 In some studies, simplicity together with some other 

factors has been identified as the base measures for 

interestingness, usefulness and understandability of 

the models [11]. 

Criteria such as interpretability and explainability 

are often used as synonyms for comprehensibility 

and understandability [12], while Lavesson [5] 

believes that sometimes their descriptions expose 

trivial differences.  

 In determining understandability, some researchers 

state that understanding means more than just 

comprehension; it also demands gasping the context. 

The more rational way of using a data mining model 

is to engage the user to really understand what is 

going on so that they will be able to directly bring 

the model into effect [13]. If the user cannot 

understand what has been exposed e.g. in the context 

of their business issues, they cannot trust and make 

use of new knowledge or information. 

The consistency with the prior knowledge is another 

criterion which has been studied to a greater extent. 

Pazzani [14] [16] dedicated some studies specifically 

to the introduction of the human cognitive processes 

into KDD. He examined usefulness and 

comprehensibility together with the prior knowledge 

consistency and stated that consistency with existing 

knowledge is a factor that influences the 

comprehensibility and is one of the biases of human 

learners. For example, prior knowledge might tell us 

that most of the people are affected by long-

sightedness problem when they get older. However 

the data might tell us that contact lenses, in 60% of 

cases are not recommended for patients who have 

been diagnosed as short-sighted. Without such a 

previous piece of knowledge, we might have instead 

noticed that in general short-sighted patients have 



less chance to receive contact lenses in comparison 

to long-sighted patients (because many of patients 

who visit a optician are older than 40 years). 

Knowing how people assimilate new knowledge and 

why they prefer a model consistent with prior 

knowledge, could help us to design better learning 

models [14]. 

 

 

2.2 Related Work 
It has not been possible to spot any studies devoted 

to measuring understandability, which is the 

motivation for this study. 

The majority of previous work has concentrated on 

producing accurate models as well as the assessment 

of other aspects such as run time and space used, 

with a slight consideration for ranking the value of 

patterns and evaluating effectiveness from a user 

point of view. [17][3][10]. 

However in most of the related work, model 

understandability and other qualitative properties 

such as comprehensibility and usability [2] have 

been stated as important attributes to consider in 

model evaluation and selection. On the other hand, 

the measurement and analysis of these factors have 

still been largely overlooked by research [3].  

One reason may be that the aforementioned factors 

are difficult to quantify. Another reason may be the 

fact that data mining is predominantly studied by 

researchers from computer science and statistics and 

thus their main interests may be more directed 

towards quantitative performance metrics. 

Number of researches has been done on the area of 

human learning and categorical representation and 

other related subjects. Although these areas are 

undoubtedly relevant to DM/KDD and the 

acceptability of learned models from users, yet there 

are no specific solutions presented. Moreover, few 

tangible suggestions have been presented on how to 

measure understandability of patterns or how to 

make patterns and models more understandable [14]. 

 

 

2.2.1 Interestingness 

Interestingness (especially the rule interestingness 

measurement) is one of the few subjective attributes 

which has been studied in knowledge discovery and 

data mining area rather than accuracy of the patterns 

and models [19]. 

A crucial aspect of data mining is that the discovered 

knowledge should be somehow interesting. 

Although an interesting pattern in most cases means 

a novel or surprising pattern but the term 

interestingness arguably has to do with usefulness 

[3]. 

Two main measures of subjective interestingness 

according to Silberschatz and Tuzhilin [18] are 

unexpectedness and actionability. Unexpectedness 

means that rules are interesting if they “surprise” the 

user. Surprising means that the user discovers 

something unexpected. Actionability says that rules 

are interesting if the user can do something about it 

and it means if he/she will be able to act upon it to 

his/her advantage [18].  

In a literature study by Liu et al. [20] about rule 

interestingness, it is stated that the identification of 

interesting rules from a set of discovered rules is not 

a simple task because a rule could be interesting to 

one user but uninteresting to another. 

 

 

2.2.1.1 Subjective and Objective Approach 

There are two approaches toward interesting patterns 

discovery and discovering novel or surprising 

patterns, one is data-driven approach and another 

one is user-driven approach. In other words, in the 

development process of interestingness measures, 

they have evolved into two main techniques of 

objective and subjective measures of interest [17]. 

Objective measures or data-driven method uses the 

statistical characteristic of patterns to assess their 

degree of interestingness. Subjective techniques or 

user-driven method is derived from the user’s beliefs 

or expectations of their particular problem domain 

and their preferences. In other words, subjective 

measurement incorporates the user’s subjective 

knowledge into the evaluation strategy. Data driven 

approach is easier to apply since it is independent of 

the application domain and difficult issues 

associated with the user’s background knowledge. In 

order to consider the user’s background knowledge, 

it must be transformed into computational form 

suitable for data mining algorithms [19] [17]. 

Although objective measurement method is easier to 

apply, it is not as efficient as subjective measures. 

The user-driven method or subjective technique  



however, tends to be more effective at discovering 

interesting models since it explicitly takes into 

account the user’s background knowledge.  

A typical example in regard to user-driven method is 

the use of user-specified templates in the context of 

association rules. [4]. First users are asked to specify 

inclusive templates. Amongst a large number of 

offered items in the database, users have to specify 

which items are in their favor most. The second step 

is to signify less interesting items from the user point 

of view. Users choose which items they are not 

interested in and this is called restrictive templates. 

If an association rule matches no restrictive template 

and matches at least one inclusive template, is 

considered as interesting [20] [21]. 

If we assume that a human user , has some previous 

concepts about the domain presented in a data 

mining model, Liu et al.[20] categorize this existing 

concepts to two type as follow: 

“General impressions (GI): The user does not have 

detailed concepts about the domain, but does have 

some indistinct opinion. Reasonably precise 

knowledge (RPK): The user has more distinct idea” 

[20]. 

Even if user-driven or subjective approach is 

expected to be more efficient in evaluating 

unexpectedness and novelty of discovered models, 

the most focus of the related papers has been on the 

data-driven and objective approach. 
 

 

3. MODEL UNDERSTANDABILITY 

ASSUMPTIONS 
There are too many assumptions about what system 

users’ desire. 

While most of the researchers emphasize on the fact 

that provided models must be understandable and 

comprehensible for the user, theories and claims 

conflict in many cases. 

Giraud-Carrier in a study presented in [6], defines 

comprehensibility as an attribute concerned with 

understandability of the knowledge generated by the 

system, whereas comprehensibility is related to 

compactness and expressiveness. Compactness 

relates to the efficiency of the knowledge 

representation in term of size. Expressiveness has to 

do with the representation language which some 

types of representation although are easy to handle 

(e.g. decision rules and decision trees), but have less 

expressiveness comparing with some other models 

(e.g. neural networks with numerical-only 

representation) [6]. 

Some consider simplicity as a metric for 

understandability. Fayyad et al. [11] state that in 

certain contexts understandability can be estimated 

by simplicity (e.g., the number of bits to describe a 

pattern). Andersson et al. [22] associate the size of a 

decision tree (e.g. number of nodes) with the 

simplicity of the model. 

According to Gaines [23] understandability can be 

associated with complexity, which the higher 

complexity metric is the less comprehensible model 

[23]. 

Whereas Karalic [24] describes the use of minimum 

description length principle rules to learn shorter 

rules, Pazzani [14] does not agree with the idea. He 

reasons that there is no study presenting that people 

find smaller models more comprehensible or that the 

size of a model is the only aspect that impacts 

understandability. 

Nakhaeizadeh et al. [25] have suggested to measure 

understandability with the efficiency metric. 

Regarding the type of models’ presentation, there is 

a common assumption that users like some models 

more than others and some type of presentation such 

as trees and rules are more understandable than 

alternatives such as neural networks and nearest-

neighborhood models[26][14][27]. 

Some believe that decision tables, on the other hand, 

are easy to interpret and explain because of common 

familiarity with the tabular representations in 

spreadsheets and relational databases [28] [29]. 

To provide a more understandable presentation, 

Gaines[23] suggests to transform trees and rules to 

Exception Directed Acyclic Graphs (EDAG).While 

some other propose that visualizing and graphically 

presenting the data mining outcomes, helps the user 

to understand the result better [13] [10]. 

In order to provide a better view of what has been 

suggested by different researchers, we briefly 

explain some of the suggested aforementioned 

methods in following sub-sections. 
 

 

3.1. Understandable Representations 

3.1.1 Visualization 

The visualization approach to data mining is built on 

an assumption that human beings are good at 



comprehending structures in visual forms [10]. The 

idea behind presenting the data in some visual form, 

is to allow the human to gain insight from the data, 

delineate conclusions, and directly interact with the 

data .The capability of directly exploring the data, 

provides the users the ability of shifting and 

adjusting the exploration goals if necessary [30]. 

This approach is particularly valuable when little is 

known about the data and the exploration goals are 

indistinct [10]. 

Kohavi [28] supports the idea of visualization using 

data mining tools such as MineSet. He believes that 

visualization plays a positive role in user’s 

perception of data mining results .To show the 

efficiency of visualization he uses an example in e-

commerce world.  

According to Sommerfield et al. [13] understanding 

means more than just comprehension; it also 

involves context. If the users can understand the 

discovered knowledge, concerning their business 

issues, they will trust it and put it into use. 

Visualizing a model allows a user to converse and 

explain the logic behind the model with colleagues, 

customers and other users, therefore builds higher 

level of understandability and trust .Whereas simple 

representations of the data mining outcome allow the 

user to see the data mining results better; graphically 

displaying a decision tree can considerably improve 

the result.  For some other type of algorithms (e.g., 

neural networks) which can pose more problems 

than others, the necessity of use of visualization 

techniques increases [13]. Some different methods 

has been suggested by Sommerfield et al. [13]such 

as comparing models as algorithms, comparing 

models as processes and comparing models as input-

output mapping, which going through all those 

methods is not in the room of our study. 
 

 

3.1.2 Decision Tables and Condensed 

Determinations 

In many studies researchers suppose that logical 

rules and decision trees are more understandable in 

comparison with other forms such as neural 

networks or stored cases, though the proof 

supporting this belief is largely subjective. 

Considering this assumption that logical rules are 

more understandable, Langley [31] has a study on a 

special class of rules called determinations. In other 

words, determination is presenting rules in a tabular 

format. Langley [31] in this study has been 

influenced by the idea of decision tables which was 

suggested by Kohavi [28]. 

Kohavi [28] presents algorithms to build decision 

tables from data by combining feature subset 

selection and calculation of probabilities. The idea 

behind decision tables was the time factor. 

Researchers discovered that it took longer than 

expected to describe the meaning of decision tree 

models to their customers. Thus they found decision 

tables more convenient in comparison to decision 

trees [32].  

Supporting the idea that decision tables as more 

understandable presentation, Shiffman [29] proposed 

a decision table format for medical guidelines. In the 

favour of decision tables, he argued that while 

decision tables transfer rules into unified rule sets in 

which complex logic is elucidated, consistency and 

completeness qualities are ensured yet. Optimization 

and display of rule sets as sequential decision trees 

may increase the comprehensibility of the logic [29].   

Back to the suggested method by Langley [31], he 

supported the idea that simplicity has to do with 

understandability, so he did an experiment on 

condensing determinations by using refined 

algorithms. According to him, condensed 

determinations with less complexity are more 

understandable with no loss in their accuracy [31]. 
 

 

3.1.3 Bayesian Networks 

As we stated before, consistency with prior 

knowledge has been recognized as an element for 

better understandability of a model. While prediction 

and decision making (e.g. ailment diagnosis) are 

important procedure of data mining, combining the 

two factors, Heckerman [33] argues for Bayesian 

Networks. A Bayesian Network is a graphical model 

that represents probabilistic relationships between a 

set of variables. For example, a Bayesian network 

could represent the probabilistic relationships 

amongst diseases and symptoms. Given the 

symptoms, the model can be used to figure the 

probabilities of the possible assorted diseases. 

Bayesian Networks when used in combination with 

statistical techniques, the graphical model has 

several advantages for data analysis, thus for 

prediction and decision making purposes. 

 Since Bayesian networks can be used to learn causal 

relationships, therefore they can be used to gain 



understanding about a problem domain and to 

predict the consequences better.  

Another argued reason is that while the model has 

both a causal and probabilistic semantics, it is an 

ideal representation for combining prior knowledge 

and data. Because the model encodes dependencies 

among all variables, it automatically handles 

situations where some data are missing, and this may 

be regarded as more accurate model when it comes 

to model evaluation [33]. This ability becomes even 

more valuable in certain applications such as 

medical fields. With the growing accessibility of 

biomedical and health-care data with a wide range of 

characteristics there is an increasing requirement 

using methods which allow modeling the 

uncertainties that come with the problem [34]. 

Modeling the uncertainties provides a clearer view 

of disease diagnosis or other related decision making 

processes. 

 

 

3.1.4 Complexity Measurement 

In a study by Gaines [23], he has suggested that 

Exception Directed Acyclic Graphs (EDAGs) are 

more comprehensible than decision trees and 

decision rules. He uses Induct (A statistically well-

founded empirical induction procedure for deriving 

decision rules from datasets) [15] to generate 

EDAGs through a three-stage process and 

transforms rules and trees into EDAGs. Then he uses 

a complexity measurement formula to measure the 

complexity of EDAGs and also trees/ rules in their 

original form.  

The result of calculation is that complexity metrics 

for EDAGs are smaller numbers than complexity for 

trees and rules. With the assumption that less 

complexity in models results to more understandable 

models, he concludes that EDAGs are more 

understandable than trees and rules. The formula for 

complexity measurement used in his study is as 

follow: 

                      where 

                    

N stands for number of Nodes; A denotes number of 

Arcs, L stands for number of Leaves and C denotes 

number of Clauses. 

3.2. Model Structure 

Understandability 

Some of the proposed methods regarding model 

understandability deal with the structure and internal 

understandability of the model. We briefly explain 

two suggested methods in following sub-sections. 

 

 

3.2.1 Negative target rules 

In a study by Li and Jones [36] they suggest using 

negative target rules together with regular and 

multiple target rules to increase the understandability 

of rule based classifiers. The idea is that negative 

target rules summarize their exceptional cases and 

provide potential alternatives so they can improve 

the descriptive ability of predictions made by less 

accurate rules. A negative target rule does not cover 

all the records covered by its matching regular rule, 

but collects exceptional cases for the regular rule. In 

general negative target rules are a special type of the 

multiple target rules. A rule targeting (m-1) targets, 

where m is all achievable targets, the rule targeting 

the nonappearance options amongst the remaining 

targets is the negative target rule. In comparison 

with the component rule a multiple target rule set, 

encompass the same amount of records, but with 

different confidence. In this study they present two 

classifier models using multiple and negative rules 

and through their experiment show that the 

generated classifiers using this method, are more 

understandable and this understandability is not at 

the cost of accuracy [27]. 

 

 

3.2.2 Decomposition Methodology 

In a study by Rokach [37], a methodology has been 

suggested, called decomposition. The concept of 

breaking down a system into smaller pieces is 

commonly referred to as decomposition. 

The idea behind decomposition methodology is to 

break down the original problem into several sub-

problems. For example to break down a complex 

classification task into several smaller, less complex 

sub-tasks. This is done by dividing the training set 

into smaller training sets. A classifier classifies each 

sub-sample and then the provided solutions by each 

sub-sample are joined together to solve the original 



problem. The difference between this methodology 

and ensemble methodology is that each inducer uses 

only a part of the original training set and ignores the 

rest. The models produced by each classifier for 

separate parts are combined in some way, either at 

classification or learning stage. In the study [37] it 

has been argued that the benefits of decomposition 

methodology in data mining are considerable. It not 

only increases the classification accuracy and 

enhances feasibility for huge databases, but also 

conceptually simplifies the problem and ends to 

clearer and more comprehensible results [37]. 

 
 

4. Empirical Work 
It is not enough to provide a seemingly enough set 

of metrics and indicators in order to obtain what has 

been really perceived by end users. 

Beside all the theoretical measurements and 

assumptions about quality attributes such as 

understandability, there is a need to see which 

assumptions are correct and which are not. Are even 

those few previously defined metrics valid? 

Regarding the research questions we have found 

many different assumptions and theories but not any 

certain answer.  

Since empirical evaluations play a significant part in 

improving measurement methods and we could not 

find any survey relevant to our study, we decided to 

conduct a survey to observe some user point of view 

rather than theoretical ideas. This may help to find 

some metrics or approve some of the previous 

assumptions. 

 

 

4.1 Survey Design 
 The purpose of survey is to perceive model 

understandability based on participants’ point of 

view. The advantage of identifying attributes of a 

large population from a small group strengthens the 

purpose of survey. By generalizing from our survey 

results, we may possibly identify some metrics 

associated with model understandability.  

 

 

4.2 Participants 
Survey participants were 100 students, studying 

either in bachelor or master level in software 

engineering or computer science program in school 

of computing in Blekinge Institute of Technology. 

51 students participated in the survey for Contact 

lenses data set and 49 participants filled the score 

sheets for Labor work data set. The purpose of 

choosing students with this particular background 

was their familiarity with the shape of decision trees 

and decision rules (IF-THEN rules). Since they were 

familiar with the type of presentation, they could 

focus on the comparison of the models rather than 

understanding the structure of the model by itself.  

 

 

4.3 Data and Material 
The datasets have been downloaded from the UCI 

machine learning repository
1
.  One dataset (is called 

Labor work) contains the statistical data regarding  

labor work and their job condition, and the other 

dataset (called Contact lenses) contains statistical 

data on patients and contact lens prescriptions. 

Labor work dataset has been categorized in the 

social area according to the dataset information and 

Contact lenses dataset contains no information in 

this regard. 

Contact lenses dataset contains 3 classes. Patient 

should be fitted either with hard contact lenses, soft 

contact lenses or no contact lenses at all. The dataset 

contains four attributes for each patient’s condition 

which are age of the patient, spectacle prescription, 

tear production rate and astigmatism. 

The second dataset which is called Labor work 

contains two classes. Labor work will be categorized 

either in Good category or in Bad category. 

Categorization is based on 16 attributes regarding 

the labor’s salary, vacation, accessibility to health 

services, educational allowance and some other 

related attributes. 

We applied six different algorithms on each dataset 

in order to have six different classifiers to prioritize. 

To generate these different classifiers, we used 

WEKA (Waikato Environment for Knowledge 

Analysis), a software which has been developed in 

                                                                 

1
UCI Machine Learning Repository  

http://archive.ics.uci.edu/ml/ 



the University of Waikato in New Zealand and is a 

collection of machine learning algorithms for data 

mining tasks[38]. 

Although we preferred to apply the same six 

algorithms on both datasets, but it was not 

applicable. Some algorithms are not valid for some 

datasets concerning the type of data e.g. if they are 

numerical or not. Thus four of the applied 

algorithms are the same in both datasets and the 

other two are different; although we tried to apply 

the two closest possible options (regarding the type 

of algorithm). 

From these six different classifiers, three of them 

generate decision rules (IF-THEN rules) and the 

other three generate decision tree. 

The four same applied algorithms are J48 (tree), 

REP (tree), JRIP (rules), and RIDOR (rules). The 

other two applied algorithms on the contact lenses 

dataset are ID3 (tree) and PRISM (rules) where as 

BF (tree) and PART (rules) has been applied on the 

labor work data set.  

In order to make the original provided models (by 

WEKA) readable and clearer, we had to do some 

extra work. So we transformed the decision trees 

from the text format to a graphical presentation of 

arrows and text boxes. For decision rules minor 

changes were needed, such as adding space and 

parentheses. In some cases we had to add 

conjunctions such as “otherwise” in order to make it 

readable and easier to follow. Whatever changes we 

did, we did it equally the same for all the provided 

rules or all the decision trees in similar cases. 

In contact lenses data set there were some medical 

terms such as Myopic, Hypermetrope and 

Presbyopic, which were replaced with known 

synonyms as Short-sighted, Long-sighted and Old- 

sighted. Survey was run in the paper form. 

 

 

4.4 Validity Evaluation 
With regard to our study, different types of validity 

have to be taken into account [39] [40]: 

External validity refers to the ability to generalize 

the results. Critical aspects, in this regard, are the 

selection of the candidate datasets and participants. 

There are a large number of databases different in 

size and type of data which are used by different 

groups of users. 

Since this study accounts for only one group of users 

and for only two different datasets, it cannot be 

claimed that the results are valid for all groups of 

users and datasets. 

Internal validity describes the treatments, 

experimental procedures or experience of 

participants that threaten the researcher’s ability to 

draw correct inferences from the data [39]. In this 

regard, to avoid repeated testing and bias, the 

classifiers for the two different dataset, were given 

to two different participants. 

The purpose of the survey and the scoring scale was 

fully described in the survey sheets. Since survey 

was run in class rooms, there was the possibility that 

in addition to the text form, verbal explanation of the 

application of scoring scales and the purpose of 

survey could be provided .Participants also had the 

opportunity to ask questions in case of ambiguity. 

Using the synonyms for medical terms could help 

the participants to focus on comparing the model by 

itself, rather than understanding the meaning of 

difficult medical terms. 

To avoid the participants’ communication during the 

survey, the survey sheets from the same dataset were 

distributed in every other seat order. 

Construct validity describes the researchers’ ability 

to measure what they are really interested in 

measuring [40].This relates to understandability 

measurement. Understandability is a very subjective 

concept with different interpretation for each 

participant. 

 As we mentioned earlier in section 2, still does not 

exist such a thing called universal data 

mining/machine learning definitions of similar 

criteria [5]. Despite the fact that we cannot say that 

what we have measured is understandability of 

models or is other similar attributes to 

understandability or even a combination of some 

similar quality attributes,  but  we are confident to 

say that we have measured the understandability 

according to the users’ definition of 

understandability and from the users’ point of view.  

 

 

4.5 Data Analysis 
We use the Analytical Hierarchy Process (AHP) [41] 

to create a prioritized list of the generated classifiers 



on the basis of the subjective quantification of 

understandability, obtained from the survey.  

AHP establishes priorities among the elements of the 

hierarchy by making judgments based on pairwise 

comparisons of the elements. A numerical weight is 

derived for each element of the hierarchy, allowing 

various elements to be compared to one another in a 

rational and constant way. This capability in addition 

to the ability of measuring the assessment errors, 

distinguishes AHP from other decision making 

techniques [42]. 

 

 

          Table 1.Scale for Pairwise Comparison  
 

Value 

 

Meaning 

1 Two classifiers are equally good in  understandability 

3 One classifier has slightly better understandability 

than another 

5 One classifier has fairly better understandability than 

another 

7 One classifier has strongly better understandability 

than another 

9 One classifier has absolutely better understandability 

than another 

2,4, 

6,8 

Intermediate values between two adjacent judgments 

when comparison is needed 

 

 

Using AHP requires following several steps. First 

step is to set up the n classifiers in the rows and 

columns of a       matrix (for our survey we have 

a 6 × 6 matrix). Next step is to perform pairwise 

comparisons of all the classifiers according to the 

measurement scale. The fundamental scale used for 

this purpose is shown in Table 1. For each pair of 

classifiers (starting with C1 and C2, for example) we 

insert their determined relative amount of value in 

the position (C1, C2) where the row of C1 meets the 

column of C2. In position (C2, C1) insert the mutual 

value, and in all positions in the main crossways 

insert a “1.” We continue to perform pairwise 

comparisons of C1–C3, C1–C4, C1-C5, C2–C3, and 

so on. For a matrix of order  ,           

comparisons are required. Thus, in this example, 16 

pairwise comparisons are required; they might look 

like this: 

 

 

 
 

 C1 C2 C3 C4 C5 C6 

C1 1     5     1     7     9     1     

C2  1/5 1  1/5 3     7      1/9 

C3 1     5     1 7     9     1     

C4  1/7  1/3  1/7 1     5      1/7 

C5  1/9  1/7  1/9  1/5 1  1/9 

C6 1     9     1     7     9     1     

 

 

 Now is time to use averaging over normalized 

columns to estimate the eigenvalues of the matrix 

(which represent the criterion distribution). For this 

calculation, Saaty [41] has suggested a simple 

method known as averaging over normalized 

columns. The method is to calculate first the sum of 

the n columns in the comparison matrix. Then divide 

each number in the matrix by the sum of the related 

column, and then calculate the sums of each row. 
 

 

           C1 C2 C3 C4 C5 C6 SUM 

C1 0.29 0.24 0.29 0.28 0.23 0.30 1.62 

C2 0.06 0.05 0.06 0.12 0.18 0.03 0.49 

C3 0.29 0.24 0.29 0.28 0.23 0.30 1.62 

C4 0.04 0.02 0.04 0.04 0.13 0.04 0.31 

C5 0.03 0.01 0.03 0.01 0.03 0.03 0.14 

C6 0.29 0.44 0.29 0.28 0.23 0.30 1.82 

 

 

Next step is to normalize the sum of the rows by 

dividing each row sum with the number of 

classifiers. The result of this calculation is referred 

to as the priority matrix/priority vector and is an 

estimation of the eigenvalues of the matrix. 

 
 

 

                                      1.62             0.27 

0.49             0.08 

                        1/6         1.62     =      0.27 

                                      0.31             0.05 

                                      0.1 4            0.02 

1.82             0.30 

 

 

 

Assign each classifier its relative value based on the 

estimated eigenvalues. It means that in this case we 

can conclude that C1 has gained the 27% of the 

priority, C2 has only 0.08% of the priority and C6 

with 30% has the highest priority amongst the other 



classifiers from the scores by this particular 

participant. 

If we were able to accurately determine the relative 

value of all classifiers, the eigenvalues would be 

perfectly consistent. For instance, if we determine 

that C1 is absolutely more understandable than C2, 

C2 is fairly more understandable than C3, and C3 is 

weakly more understandable than C1, an 

inconsistency has occurred and the accuracy of 

result is decreased. The redundancy of the pairwise 

comparisons makes the AHP much less responsive 

to assessment errors in comparison to some other 

methods [42]. In addition it lets us to measure 

assessment errors by calculating the consistency 

index of the comparison matrix, and then calculating 

the consistency ratio. The consistency index      is 

a first indicator of result accuracy of the pairwise 

comparisons. We calculate it as: 

 

             
      

 
The      presents the maximum principal 

eigenvalue of the comparison matrix. 

The closer the value of      is to the number of 

classifiers, the smaller the critical errors and 

accordingly, the more consistent the result. To 

calculate     , first we need to multiply the 

comparison matrix by the priority vector. Then we 

divide the first number of the resulting vector by the 

first number in the priority vector, the second 

number of the resulting vector by the second number 

in the priority vector, and so on. 

To calculate the     , we simply calculate the 

average of the elements in the resulting vector which 

in our example      is equal to 6.54. After 

calculating the     , consistency index (  ) can be 

calculated easily according to the aforementioned 

formula. In our example the calculation result for 

   will be equal to 0.10. 

In order to evaluate if the resulting consistency index 

is acceptable, we must calculate the consistency ratio 

(  ). 

“The consistency indices of randomly generated 

mutual matrices from the scale 1 to 9 are called the 

random indices (  ) and the ratio of    to    for the 

same-order matrix is called the consistency ratio 

(  )”, which indicates the accuracy of the pairwise 

comparisons[41]. The allied   s for matrices of 

order n are presented in Table2. The first row shows 

the order of the matrix, and the second the 

corresponding    value. 
 

 

Table 2.Consistency Ratio 

1 2 3 4 5 6 7 8 9 10 

0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 

 

 

According to Table 2, the RI for matrices of order 6 

is 1.24. Thus, the consistency ratio for our example 

is:   

                           
As a general rule, a consistency ratio of 0.10 or less 

is considered acceptable. This means that the result 

for our example is in the ideal range. “In practice, 

however, consistency ratios exceeding 0.10 occurs 

frequently” [42]. 
 

 

4.6 Results 
The results gained through our empirical work have 

been summarized in four tables and four graphs. 

Table 3 and Table 4 present the result after applying 

the AHP Analysis method on the collected data from 

the surveys for Contact lenses dataset and Labor 

work dataset. The first column in tables contains 

classifier name (the associated number to each 

classifier) and they are ordered based on their 

priority rank from top to down. The second column 

presents the mean of priority vectors calculated for 

each classifier.  

The number of respondents for Contact lenses 

dataset is 51. Thus, the mean of priority vector for 

each classifier is the mean of 51 calculated priority 

vectors belonging to the same classifier. The next 

column presents the standard deviation. Standard 

deviation is a measure of how spread out the each 

classifier’s ranking score. The highest number for 

standard deviation in Table 3 belongs to classifier 3 

which yet is fairly low and shows that the 51 scores 

for each classifier are centred around the average 

.The last column presents the confidence interval of 

95% and it presents a 95% of confidence that the 

real value for priority vector is within the calculated 

interval. As we can see in Table 3, the calculated 

numbers for confidence interval are fairly small and 

reveal a good result. 

 



     Table 3.Classifiers Prioritization Result 

                   (Contact Lenses) 

Classifier Mean 
Priority 
Vector 

Standard 
Deviation 

Confidence 
Interval 
95% 

C5 0.213 0.111 ±0.010 

C3 0.210 0.145 ±0.013 

C1 0.193 0.097 ±0.009 

C6 0.177 0.119 ±0.011 

C4 0.122 0.112 ±0.010 

C2 0.083 0.058 ±0.005 

 

 

 The number of respondents for Labor work dataset 

is 49. Thus, the mean of priority vector for each 

classifier is the mean of 49 calculated priority 

vectors belonging to the same classifier. The highest 

number for standard deviation in Table 4 belongs to 

classifier 6 and almost close to 0.1 which is low 

enough to be considered as an acceptable result. 

Similar to result for Contact lenses dataset, the 

computed numbers for confidence interval are 

reasonably small and expose a good result. 
 

 

  Table 4.Classifiers Prioritization Result 

                        (Labor Work) 

Classifier Mean 

Priority 
Vector 

Standard 

Deviation 

Confidence 
Interval 
(95%) 

C6 0.230 0.175 ±0.017 

C3 0.178 0.087 ±0.008 

C1 0.171 0.094 ±0.009 

C2 0.149 0.122 ±0.011 

C4 0.139 0.084 ±0.008 

C5 0.130 0.129 ±0.012 

 

 

As mentioned before in Section 3.1.4, Gaines [23] 

measured the complexity of decision trees and rules 

in order to compare their understandability with 

EDAGs. Inspired by the complexity measurement in 

that study, we used the same formula to measure the 

complexity of classifiers. Classifier complexity 

measures are presented separately, in Table 5 and 

Table 6 for the two dataset. 

A preliminary measure for classifiers size is the 

number of nodes if the type of classifier is a decision 

tree and correspondingly for decision rules, the 

number of rules is associated with the size of model. 

To make the results comparison easier to follow in 

Table 5 and Table 6, the highlighted cells in gray 

colour, present the “classifiers size” and “classifier 

complexity”. 

 

 

Table 5.Comparison of Complexity of Classifiers 

                        (Contact lenses) 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Classifier 

Number  
of  
rules 

Node 
(N) 

Leave 
(L) 

Arc 
(A) 

Clause 
 ( C ) 

Excess 
(E=A+L
-N) 

Complexity 
(N+2E 
+2C/5) 

C1 
(J48 tree) 

0 7 4 6 10 3 6.6 

C2 
(RIDOR 
rules) 

4 0 0 0 7 0 2.8 

C3 
(ID3 tree) 

0 15 9 14 23 8 15.4 

C4 
(Prism 
rules) 

9 0 0 0 35 0 14 

C5 
(REP tree) 

0 5 3 4 7 2 4.6 

C6 
(JRIP 
rules) 

3 0 0 0 6 0 2.4 



Table 6.Comparison of Complexity of Classifiers 

                          (Labor work) 

 

 

The correlation between classifiers priority and 

classifiers complexity for Contact lenses data set is 

shown in Figure1. 

Similarly, Figure2 presents the linear relationships 

between classifiers priority and classifiers size for 

the same dataset. 

 

 

 

            Figure 1.Classifier Priority vs. Classifier    

                   Complexity (Contact Lenses) 

 

 

The associated number to correlation coefficient 

measure for Figure 1 and Figure 2 are similarly 

equivalent to -0.163.  This result for coefficient 

correlation, does not demonstrate a high level of 

association between the two parameters. The 

coefficients were computed based on the scores of 

51 respondents. 

 

 

 

   Figure 2.Classifier Priority vs. Classifier Size 

                          (Contact Lenses) 

 

 

The correlation between classifiers priority and 

classifiers complexity for Labor work dataset is 

shown in Figure 3. 

Correlation coefficient for Figure 3 is equal to -

0.932 and it has been calculated based on the scores 

of 49 respondents. 

The obtained result for correlation coefficient 

presents a strong association between the complexity 

metric and classifiers priority.  

 

 

 

       Figure 3.Classifier Priority vs. Classifier       

                      Complexity (Labor Work) 

 

 

Classifi
er 

Number 
Of  
rules 

Node 
(N) 

Leave 
(L) 

Arc 
(A) 

Clause ( 
C ) 

Excess 
(E=A+L-
N) 

Complexity 
(N+2E+ 
2C/5) 

C1 
(J48 
tree) 

0 5 3 4 7 2 4.6 

C2 
(JRIP 
rules) 

4 0 0 0 8 0 3.2 

C3 
(REP 
tree) 

0 9 5 8 13 4 8.6 

C4 
(PART 
rules) 

3 0 0 0 8 0 3.2 

C5 
(RIDOR 
rules) 

2 0 0 0 4 0 1.6 

C6 
(BF 
tree) 

0 13 7 12 19 6 12.6 



Figure 4 presents correlation between classifiers 

priority and classifiers size for Labor work dataset 

which has been calculated based on the scores of 49 

respondents. 

The correlation coefficient is equal to -0.942 which 

expose a strong association between the size of 

classifier and its priority rank.  

 

 

 

      Figure 4.Classifier Priority vs. Classifier Size  

                              (Labor Work) 

 

 

4.6.1 Consistency Ratio 

According to Saaty [42], as a general rule, a 

consistency ratio of 0.10 or less is considered 

acceptable, however he states that in practice 

consistency ratios exceeding 0.10 occurs frequently. 

In some studies such as [35] and [46], they 

calculated the consistency in random matrices of 

different sizes so they do not agree with the 

traditional criterion of accepting matrices due to 

their inflexibility. They believe that this 

measurement is too restrictive when the size of the 

matrix increases. Pelaez and Lamata [35] suggest a 

new measurement for    which is a function of 

matrix size and Alsono et al. [46] suggest a new 

approach towards the    calculation. 

Although    bigger than 0.10 may reveal 

inconsistent points given to each classifier priority, 

but it does not mean necessarily that an 

inconsistency has occurred in prioritization order. In 

a random control of provided results for our survey, 

regarding the inconsistency in the priority order 

(excluding the weights for each classifier), the   s 

equal to 0.25, 0.53 and 0.72 demonstrated no 

inconsistency regarding priority order selection (out 

of 15 pairwise comparisons). Based on the 

aforementioned reasons, we decided to not to 

exclude the   s bigger than 0.10 from our survey 

results. 

If we exclude the   s bigger than 0.10, for Labor 

work dataset, remains 15% of results and relatively 

20% for Contact lenses datasets. 

The results after excluding the   s exceeding 0.10, 

has been shown in Table 7. 

 

 

Table 7.Results after excluding   s larger than 

0.10 

Contact Lenses Labor Work 

Classifier Mean 

Priority 
Vector 

Classifier Mean 

Priority 
Vector 

C1 0.262 C1 0.200 

C5 0.253 C6 0.194 

C3 0.191 C3 0.168 

C6 0.152 C2 0.168 

C4 0.076 C5 0.137 

C2 0.063 C4 0.130 

 

 

 As we can predict based on the results in Table 7, 

the graphs showed in section 4.6 may look different, 

however the priority results related to the type of 

algorithms and provided models (Table 8), where it 

comes to comparison between the decision trees and 

decision rules, will remain still the same. 

 

 

5. DISCUSSION 
The results of the survey are interesting. The 

obtained results for the two datasets are different in 

one way; however there are some other possible 

assumptions to explain the disparity between the 

results. 

First we discuss about the obtained result for Labor 

work data set. As we previously mentioned in 

section 4.3, this dataset contains information 

regarding a job condition. According to different 

attributes such as working hours, yearly increase of 



salary, amount of holidays, educational allowance 

and some other similar attributes, the job condition 

will be categorized either in Bad or Good category. 

Thus we can generally say that the type of 

information provided in the dataset, were 

recognizable to almost all individual participants in 

our survey. 

If we look at Figures 3 and 4, there is a strong 

correlation (almost equal to 1) between the 

complexity or the size of classifiers and its priority 

rank. The higher priority ranks amongst the 

classifiers belong to those which had a higher level 

of complexity or were bigger in size. 

In other words, participants demonstrated an interest 

toward the more informative classifiers (Figure 4). 

By “more informative” we mean that the more 

complex classifiers  provided  more detailed 

information for the classification task, and involved 

more amount of attributes for their decision making 

process in comparison with smaller/less complex 

classifiers. 

This result shows that some previous assumption 

(mentioned in Section 3) in the previous work 

regarding the users’ interest to less complex or 

simpler models is not applicable to all the cases.  

As we mentioned before (also in Section 4.3) 

regarding the type of provided information in Labor 

work dataset, we can say that participants probably 

had relatively good level of background knowledge 

about the context. Consistency with back ground 

knowledge has been associated with 

understandability in previous studies. Following our 

assumption regarding participants background 

knowledge about the context in Labor work dataset, 

we can conclude that for this reason, the bigger size 

of classifier or the higher level of classifier’s 

complexity, not only did not diminish understanding 

the classifier’s categorization process, but also 

increased it through providing more steps and 

including more attributes for each categorization 

decision process. 

The second data set which is known as Contact 

lenses contains information about patients with 

deficiency in their eyesight. According to some 

information regarding tear production rate, 

astigmatism, spectacle prescription (e.g. myopic, 

hypermetrope), and age of patient (e.g. presbyopic 

and prepresbyopic) patients should be categorized in 

three different group which either receive hard 

contact lenses soft contact lenses or none contact 

lenses. 

In comparison to provided data in Labor work 

dataset which belong to the social category, the 

provided data in Contac lenses fit in to a more 

specific area of knowledge such as healthcare or 

medical area. Many participants probably have never 

heard about any of those medical terms if they have 

never had any previous eyesight deficiency problem. 

Although we used simpler synonyms for the medical 

terms but still could not affect on the characteristic 

of provided information in the data set.  

If we look at Figures 1 and 2, it presents almost a 

zero correlation between the priority order and the 

size/complexity of classifiers. Whereas the first 

priority belongs to a classifier with a very low 

complexity, the second priority rank is gained by the 

classifier with the highest measure of complexity 

and the last priority level belongs to the second 

smallest classifier in size. 

The result for the of correlation coefficient in 

Contact lenses dataset and the inconsistent choice of 

classifiers, lead us to look at the classifiers from 

another aspect which is the type of presentation 

associated to each classifier. Moreover, in this 

regard we observed some interesting result for the 

Labor work dataset as well. 

In Table 8, the information regarding the type of 

algorithms for each classifier, together with the 

priority level of classifiers release some noticeable 

information. 

 

 

Table 8.Type of algorithm used for each classifier 

Contact lenses Labor work 

Prioritized 
Classifiers 

Algorithm Prioritized 
Classifiers 

Algorithm 

C5 Rep(tree) C6 BF(tree) 

C3 ID3(tree) C3 Rep(tree) 

C1 J48(tree) C1 J48(tree) 

C6 JRIP(rules) C2 JRIP(rules) 

C4 PRISM(rules) C4 PART(rules) 

C2 RIDOR(rules) C5 RIDOR(rules) 
 

 

As we can see in Table 8, regardless of the size of 

classifiers, participants nominated the decision trees 



as more understandable models than decision rules 

for the both datasets. 

Since the learning algorithms used for generating the 

classifiers, are not exactly the same for the two 

datasets, we are limited to discuss about the type of 

learning algorithms and their priority score of 

understandability. However still there are some 

notable assumptions to take in. 

If we look at the three last prioritized classifiers for 

the two datasets, we can see that the first priority 

amongst decision rules belongs to JRIP algorithm 

whereas the lowest score belongs to RIDOR 

algorithms. In Labor work dataset although there is a 

high correlation between complexity measure and 

classifier priority, for this particular case, JRIP and 

PART have the same complexity measure and JRIP 

still has higher priority than PART. 

Back to RIDOR rules, a possible explanation for the 

lowest priority score of RIDOR in the two related 

results is that unlike the other decision rules, in 

RIDOR rules only exceptional clauses have been 

used rather than conditional clauses. Probably users 

are less likely to understand the clauses started with 

“Except” in comparison to the simpler type of 

clauses starting with “IF”.  

 

 

6. CONCLUSION AND FUTURE 

WORK 
Data mining algorithms are increasingly used in real 

world applications. Whereas there are a number of 

criteria that are used to evaluate the efficiency of 

generated models, there are some other criterions 

such as understandability which have been often 

disregarded in evaluation processes. The goal of this 

study was to examine the possible assumptions to 

measure the model understandability to identify the 

quantitative and qualitative attributes associated to 

understandability measurement of the generated 

models. In participation to add new findings to the 

previous assumptions, we conducted a survey to 

perceive model understandability evaluation from 

the human user’s point of view. With regard to the 

survey result, we concluded that users prefer the 

models in form of decision trees rather than decision 

rules. We also concluded that understandability of 

the generated model, in some level is associated with 

the complexity or the size of the model. 

We conclude that perception of understandability is 

not possible to measure in this way. There are 

different factors that could be considered in order to 

measure the models understandability which are not 

feasible to apply all the factors, in one or two 

surveys. 

Certainly, there is a need to conduct more empirical 

studies to verify the effectiveness and evaluate the 

performance of data mining models. For future work 

we would like to conduct different surveys with 

diverse population of participants, larger variety of 

generated models and assorted types of datasets. 

 Investigating what major functions are required for 

each application domain and developing concrete 

criteria for the evaluation of their effectiveness is 

another direction which is needed to be worked on in 

the future studies. 
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APPENDIX A- Introduction to Data Mining 

 

A.1   INTRODUCTION  
Data mining and knowledge discovery in databases have been attracting a considerable amount 

of research, industry and media during the last decade.  

Data mining is the process of extracting hidden patterns from data and discovering previously 

unknown and potentially interesting patterns in large datasets [2]. The idea is to increase the 

possibility of extracting nuggets of information by exploring the large quantities of data 

automatically. The extracted information provided by data mining techniques may then be used 

to gain knowledge about the studied problem or to generate models that interpret or categorize 

data via decision support systems. Although data mining is a general term that can be applied to 

a number of varying activities, in the business world, it is used most frequently to finding and 

describing structural patterns in data as a tool to explain it and make prediction from the data[7] 

[8]. 

“Interestingly, data mining is much more than number crunching because in addition to 

intelligent techniques and statistics it also encompasses elements from human-computer 

interaction, cognitive science, databases, information technology and information retrieval.” 

[14]. 

According to Fayyad et al., to create an actually successful data mining to use in making crucial 

business decisions it should be “ the nontrivial process of identifying valid, novel, potentially 

useful, and ultimately understandable patterns in data.”[3]. 

-Nontrivial means that there is some complex processing needed  rather than only simple 

computations in order to uncover the buried patterns in the data [3]. 

-Discovered patterns are valid if they hold true for new data with some degree of certainty [17] 

[3]. 

- By novel they mean that discovered knowledge should be new to the organization [17]. 

-Potentially useful means the user/organization should be able to act upon these patterns so it 

leads to some benefits to them/to the task [3]. 

-Patterns should be understandable to the users so will add to their knowledge [17].  

Data mining contributes to information science because it can discover concealed relationships, 

patterns and interdependencies and produce rules to forecast the correlations. It can speed up the 

process of making critical decisions or helps the institutions to decide with a greater degree of 

confidence [10]. 

Data mining involves many different techniques which some of the most common and important 

ones are Clustering, Regression, Association Rule Learning and Classification. 



-Clustering is a process of partitioning a set of data in a set of meaningful sub-classes, called 

clusters. Each cluster is a set of data objects that are similar to one another therefore can be 

treated as a group. The algorithm clusters similar items together [8]. 

-Regression is a data mining technique used to fit an equation to a dataset which models the data 

with the least error [43]. Linear regression is the simplest type of regression which uses the 

formula of a straight line (y = mx + b) and determines the appropriate values for m and b to 

predict the value of y in the lead of an x value [43]. 

-Association Rule Learning is a technique based on finding dependencies between features 

which are situated in set of data. This technique is not much different from classification rules 

except its ability to predict any attribute, not just the class so the rules have more freedom to 

predict combination of attributes too [8]. 

-Classification is probably the most studied data mining technique used to predict group 

membership of data instances. In data analysis, usually classification is a preliminary step for 

examining a set of cases to see if they can be grouped based on their similarities. 

A classifier can be viewed as a piece of software which the task of software is to classify data 

instances from an unidentified class or category. It generates classifiers automatically by learning 

from examples and generalizing it to the rest of dataset. 

 Each data instance belongs to a small number of separate values, each of them corresponding to 

a class, so data is capable of to be arranged into predefined groups. For example, you may wish 

to use classification to forecast the weather on a particular day if it is “sunny”, “rainy” or 

“cloudy”.  In the classification task the set of data instances is randomly divided into two 

mutually exclusive and exhaustive sub sets, called the training set and the test set. The training 

set is made fully available to the data mining algorithm, so that the algorithm has access to the 

values of both predictor attributes and the goal attribute for each data instance. The algorithm 

should be able to discover a relationship between the predictor attributes and the goal attribute 

using the training set. One of the goals of the algorithms is to maximize the classification 

accuracy rate in the test set which is simply the number of correct predictions divided by the total 

number (correct +wrong) of predictions [43]. This type of learning is known as Supervised 

Learning (SL). 

A.2   BACKGROUND 
The extracted information provided by data mining techniques may then be used to gain 

knowledge about the studied problem or to generate models that interpret or categorize data via 

decision support systems. Although data mining is a general term that can be applied to a number 

of varying activities, in the business world, it is used most frequently to finding and describing 

structural patterns in data as a tool to explain it and make prediction from the data[7] [8]. 

Some of the most active applications of data mining have been in the area of marketing and 

sales. One of the important issues for companies is inconsistent customer loyalty and the 



challenge of detecting those who are likely to defect and need to be given special treatment. In 

the direct marketing field, data mining has also become more efficient [8]. It allows direct 

marketers to segment their current customers in better ways and develop marketing strategies 

tailored to particular segments or individuals [44]. 

Another growing empirical approach of data mining is science where two typical examples are 

sequence analysis in bioinformatics and medical decision support. 

Data mining and machine learning methods have been applied to a variety of medical domains to 

improve decision-making. Prediction algorithms significantly reduce patients’ risk and diagnosis 

cost [7]. 

Identifying the mapping relationship between the inter-individual variation in human DNA 

sequences and variability in disease susceptibility is a very important goal in human genetics. 

One of the techniques in data mining is called multifactor dimensionality reduction and has been 

broadly used to find out how the changes in an individual's DNA sequence influences the risk of 

developing common diseases such as cancer. This helps in developing the diagnosis, prevention 

and treatment of the diseases [45]. 

Some of the most active applications of data mining have been in the area of marketing and 

sales. One of the important issues for companies is inconsistent customer loyalty and the 

challenge of detecting those who are likely to defect and need to be given special treatment. In 

the direct marketing field, data mining has also become more efficient [8]. It allows direct 

marketers to segment their current customers in better ways and develop marketing strategies 

tailored to particular segments or individuals [44]. 

Another growing empirical approach of data mining is science where two typical examples are 

sequence analysis in bioinformatics and medical decision support. 

Supervised learning (SL) has been shown to be a suitable approach for classification tasks. SL is 

a machine learning technique for deriving a function from training data. The training data consist of pairs 

of input objects (typically vectors), and desired outputs. The output of the function can be a continuous 

value (regression), or can predict a class label of the input object (classification). The task of the 

supervised learner is to generalize from the presented data to unseen situations to forecast the value of the 

function for any valid input object. 

In classification problems, SL algorithms are used to generate what are known as classifiers. In a 

classification problem, the learner approximates a function mapping a vector into classes by looking at 

input-output examples of the function. 

For example, an SL algorithm may be given a database consisting of patient data (input) and the 

associated diagnosis of each patient (output). The algorithm can then generate a classifier, which 

in turn can be used to diagnose new patients. Classifiers are commonly evaluated in terms of 

their accuracy in classifying new data [9]. 

There are several paradigms within supervised learning, e.g. decision trees, neural networks and 

Bayesian learning and in each paradigm there are many existing algorithms. 

http://en.wikipedia.org/wiki/DNA
http://en.wikipedia.org/wiki/Multifactor_dimensionality_reduction
http://en.wikipedia.org/wiki/Cancer


 An algorithm may be more or less suitable for a certain task depending on which properties are 

important for the task [9]. There is a list of criteria that are often relevant in consideration of 

which learning model to apply to a given task e.g. classification accuracy, space and time 

constraints, model complexity, comprehensibility, extendibility, compactness, prior knowledge 

encoding and understandability [6] [5]. 

While predictive accuracy is obviously an important criterion, but not the only dimension along 

which learning models should be measured for suitability to a particular task objective.  There 

are a number of other criteria that could, and often must be considered when it comes to the 

model selection [6]. 

Classifiers are generated for different problems usually with the intension to use them as decision 

support. If the domain experts cannot understand the generated models they may not be able to 

use them even if the classification accuracy is sufficient. 

Some data mining algorithms (learning algorithms) seem to be more suitable than others for 

certain data sets. An initial step in this direction could be to set up metrics for some of the 

broadly used data sets [5]. The model selection could benefit from a two stage approach. One 

stage about qualitative criteria which uses mostly static meta-knowledge on a restricted class of 

models and the second stage which is to choose the most appropriate model within the preferred 

class and relies on multi-criteria meta learning for this selection [6]. 

Learning algorithms, when used in practice, are essentially software programs. Thus, we may 

benefit from using terminology from the software engineering field when describing, analyzing, 

and evaluating these programs, or learning systems [5]. For example, we may say that a certain 

problem poses some particular requirements on the learning system. Furthermore, one may need 

to trade off different quality attributes when analyzing or evaluating learning systems. As we 

said before, on a conceptual level, we regarded understandability as quality attributes. Since 

quality attributes are evaluated using quality metrics, we assume that metrics exist or can be 

defined for this learning-related quality attributes [5]. 

It is important to further develop the concept of understandability and related qualitative 

properties as it relates to data mining models. One approach would be to identify important 

quality attributes for the data mining field and to identify, or define, suitable metrics for these 

quality attributes. 

 

 

 

 

 

 

 



APPENDIX B – Classifiers 

 

B.1 Classifiers for Labor Work Data Set 

 

 

Classifier 1 
 

 

 

                        

   

 

                            <= 2.5%                                                        > 2.5% 

             

 

 

 

                                                                                                               <= 10 days                                                  > 10 days 

 

 

 

Classifier 2  
 

 

If (Wage Increase First Year <= 2.5%) THEN Class=Bad  
 
If (Statutory Holidays <= 10 days) AND (Wage Increase First Year <= 4%) THEN Class=Bad  
 
If (Long Term Disability Assistance = No) THEN Class=Bad  
 
Otherwise Class=Good  

 

 

 

 Wage Increase First Year 

     Bad   Statutory Holidays 

    Bad 
  Good 



 

 

 

 

 

 

Classifier 3 
 

 

                                    

 

                           < 2.9%                                                       >= 2.9 % 

 

 

                                               < 36                             >= 36                 >= 10.5 days                                              < 10.5 days 

                                                                                                              

                                                                              

                                                                                                                                     < 4.25%                                  >= 4.25% 

 

 
 

 

 

Classifier 4 

 
 

If Wage Increase First Year > 2.5%  AND Long Term Disability Assistance = Yes  AND Statutory Holidays > 10 days  THEN 
Class=Good  
 
If Wage Increase First Year <= 4% AND Working Hours > 36 THEN Class= Bad  
 
Otherwise Class=Good  
 

 

 

 

 

Wage Increase First Year 

Working Hours Statutory Holidays 

Good 

 

Bad 

 

Good Wage Increase First Year 

 

Good 

 

   Bad 

 



 

 

 

 

 

Classifier 5 
 

Class = Good   
           Except (Wage Increase First Year <= 4.15 %) AND (Working Hours > 37.5 ) THEN Class = Bad   

 

 

 

 

 

Classifier 6 
 

                                  

 

                          < 2.65%                                                            >= 2.65% 

 

 

                                                < 36                             >= 36                >= 10.5 days                                               < 10.5 days 

                                                                                                              

                                                                              

                                                                                                                           Not Generous                                   Generous    

 

                                                                                                      

                                                                                                         Not TCF                                           TCF 

 

                                                            

                                                                                        Yes                                   No 

 

 

 

 

Wage Increase First Year 

Working Hours 

 

Statutory Holidays 

 

Good 

 

Bad 

 

Good   Vacation 

 

Good 

 

Cost of Living Adjustment 

Good 

 

Education Allowance 

Good 

 

   Bad 

 



 

 

 

   B.2    Classifiers for Contact Lenses Data Set 

 
 

Classifier 1:  
 

                                    

 

                                                               Normal                                                           Reduced 

 

 

                                                           Yes                                               No 

 

       

                                               

             Short Sighted                                                 Long Sighted 

 

 

 

 

Classifier 2:  

 
 
Contact lenses = Soft  
 
           Except (Astigmatism = yes) Then Contact Lens =None  
 
                    Except (Spectacle Prescript = Short Sighted) Then Contact Lens = Hard 
 
           Except (Tear Production Rate = Reduced) Then Contact Lens =None  

 

 

  
 
 
 

   Tear Production Rate 

  Astigmatism 

Spectacle   Prescript 
Contact 

Lens= Soft 

Contact 
Lens=None 

Contact 

Lens=Hard Contact 

Lens=None 



 
 
 
 
 
 
 
 

Classifier 3:   
 

                                    

 

 

                                                                             Normal                                                                                                   Reduced 

 

 

 

                          Yes                                                                                No 

l 

 

 

  Short Sighted                              Long Sighted                                    Young                                      Pre Old Sighted                 Old Sighted                                  

 

 

   

                        Young                Pre Old sighted                      Old Sighted                                                                   Short Sighted                                        Long Sighted 

     

 

 

 

 

 

 

 

Tear Production Rate 

  Astigmatism 

Spectacle   Prescript 

Contact 

Lens=None 

Contact 

Lens=Hard 
     Age 

      Age 

Contact 
Lens=None 

 

Contact 
Lens=Hard 

 

Spectacle   Prescript 

 

Contact 

Lens=None 

 

Contact 
Lens=None 

 

Contact 

Lens=Soft 

 

Contact 
Lens=Soft 

 

Contact 
Lens=Soft 

 



 

 

 

 
 
 
 
Classifier 4:  

 
 
If Astigmatism = No 
   And Tear Production Rate = Normal 
   And Spectacle Prescript = Long sighted Then Contact Lens= Soft 
 
If Astigmatism = No 
      And Tear Production Rate = Normal 
      And Age = Young Then Contact Lens= Soft 
 
If Age = Pre Old Sighted 
      And Astigmatism = No 
      And Tear Production Rate = Normal Then Contact Lens= Soft 
 
If Astigmatism = Yes 
      And Tear Production Rate = Normal 
      And Spectacle Prescript = Short Sighted Then Contact Lens= Hard 
 
If Age = Young 
      And Astigmatism = Yes 
      And Tear Production Rate = Normal Then Contact Lens= Hard 
 
If Tear Production Rate = Reduced Then Contact Lens= None 
 
If Age = Old Sighted 
      And Tear Production Rate = Normal 
      And Spectacle Prescript = Short Sighted 
      And Astigmatism = No Then Contact Lens= None 
 
If Spectacle Prescript = Long Sighted 
      And Astigmatism = Yes 
      And Age = Pre Old Sighted Then Contact Lens= None 
 
If Age = Old Sighted 
      And Spectacle Prescript = Long Sighted 
      And Astigmatism = Yes Then Contact Lens= None 
 

 

 

 

 

 



 

  

 
 
Classifier 5: 
 

                                    

 

                                                             Normal                                                              Reduced 

 

 

                                                      Yes                                                    No 

 

       

                                               

 

 

 

 

 

 

 

Classifier 6:  
 

 

If (Tear Production Rate = Normal) And (Astigmatism = Yes) Then Contact Lens=Hard  
 
If (Tear Production Rate = Normal) Then Contact Lens=Soft  
 
Otherwise Contact Lens =None  
 
 
 
 
 
 
 
 
 
 

   Tear Production Rate 

  Astigmatism 

Contact 

Lens= Soft 

Contact 

Lens=Non

e 

Contact 

Lens=Hard 

 



 
 

C.  Survey questionnaire and answer sheets 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Please kindly answer these questions: Which programme are you studying?   ……………………………. 

Bachelor / Master?                      And in which year of your study are you in?.................. 

         I approve that my answers in this survey may be used for research purposes as part of a MSc. thesis project 

at BTH. 

And now a short description about our Survey: 

Classification is a common task in data mining. The objective is to automatically generate a classification model 

by generalizing from data. For example, by generalizing from a database with information about patients, we may 

be able to automatically generate models (classifiers) that can be used to diagnose patients by classifying these 

patients as either ill or healthy. 

For our survey, Imagine that you should determine whether a job is good or not, based on the wage (salary), 

working hours and other factors (for example, the number of holidays). 

For this purpose, six different models (classifiers) have been generated from a job statistics database. 

All models (classifiers) are generated from the same data, but since we have used different algorithms, the 

models (classifiers) may look different. You have access to these 6 different models (classifiers) and we would 

like to know how understandable these models (classifiers) are to you? 

So what you need to do is to identify which Classifier you think is more understandable and  

How Much in comparison to the other Classifier? Draw a circle around your chosen number as follow: 

1 =   equally good 

3 =   slightly better understandability 

5=   fairly better understandability 

7 =   strongly better understandability 

9 =   absolutely better understandability  

 

For example If you think classifier 2 has strongly better understandabilty than classifier 4,then draw a circle around 

number 7 as follow: 

Classifier 4        9    7    5     3        1       3     5          9           Classifier 2 

If you think classifier 4 is weakly better than classifier 2 in understandability, then you draws a circle around 

number 3 as follow: 

Classifier 4        9    7     5              1       3     5    7     9          Classifier 2 

Or if you think  classifier 2 and classifier 4 are equally good in understandabilty, then draw a circle around number 1: 

Classifier 4        9    7    5      3               3     5    7     9           Classifier 2 

Thank you in advance, for your participation / Hiva 

1 

7 

3 



Comparison of Classifiers (Job Condition Data) 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 2 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 3 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 3 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 4               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 4               9     7     5     3      1      3     5    7     9               Classifier 6  

Classifier 5               9     7     5     3      1      3     5    7     9               Classifier 6 



Please kindly answer these questions: Which programme are you studying?   ……………………………. 

Bachelor / Master?                  And in which year of your study are you in?.................. 

         I approve that my answers in this survey may be used for research purposes as part of a MSc. thesis 

project at BTH. 

And now a short description about our Survey: 

Classification is a common task in data mining. The objective is to automatically generate a classification 

model by generalizing from data. For example, by generalizing from a database with information about 

patients, we may be able to automatically generate models (classifiers) that can be used to diagnose patients 

by classifying these patients as either ill or healthy. 

For our survey, imagine that you have experienced some problem with your eye-sight recently and you need to 

visit a doctor. You prefer contact lenses to spectacle so you need to determine if you can possibly use contact 

lenses instead of spectacle and if yes what type of contact lenses is proper for your eyes.  

For this purpose, six different models (classifiers) have been generated from a statistics database based on 

prior patients’ information. 

All models (classifiers) are generated from the same data, but since we have used different algorithms, the 

models (classifiers) may look different. You have access to these 6 different models (classifiers) and we would 

like to know how understandable these models (classifiers) are to you? 

So what you need to do is to identify which Classifier you think is more understandable and  

How Much in comparison to the other Classifier? Draw a circle around your chosen number as follow: 

1 =   equally good 

3 =   slightly better understandability 

5 =   fairly better understandability 

7 =   strongly better understandability 

9 =   absolutely better understandability 

For example, if you think classifier 2 has strongly better understandabilty than classifier 4, then draw a circle around 

number 7 as follow: 

Classifier 4        9    7    5     3        1       3     5          9           Classifier 2 

If you think classifier 4 is weakly better than classifier 2 in understandability, then you draws a circle around 

number 3 as follow: 

Classifier 4        9    7     5              1       3     5    7     9          Classifier 2 

Or if you think  classifier 2 and classifier 4 are equally good in understandabilty, then draw a circle around number  

Classifier 4        9    7    5      3               3     5    7     9           Classifier 2 

Thank you in advance, for your participation / Hiva
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Comparison of Classifiers (Contact Lens Data) 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 2 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 3 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 1               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 3 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 2               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 4 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 3               9     7     5     3      1      3     5    7     9               Classifier 6 

Classifier 4               9     7     5     3      1      3     5    7     9               Classifier 5 

Classifier 4               9     7     5     3      1      3     5    7     9               Classifier 6  



Classifier 5               9     7     5     3      1      3     5    7     9               Classifier 6 

 


