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THE CONCEPT OF technical debt has 
already been researched extensively.1–5 
Remember, technical debt and code 
quality are two connected concepts. 
Specifically, Ward Cunningham said, 
“Every minute spent on not right code 
counts as interest on that debt.”1 (For 
more information on SQALE, see the 
“SQALE in Action” sidebar.)

In this article, we focus on the tech-
nical debt found in an application’s 
source code and present the SQALE 
(software quality assessment based on 
life-cycle expectations) method, the 

goal of which is to estimate and manage 
technical debt. Although there are nu-
merous methods for estimating source 
code’s technical debt,6,7 the SQALE 
method contains a precise model for es-
timating it. Moreover, it provides con-
crete support and priorities for plan-
ning refactoring or improvement. 

What Technical Debt 
Management Means
There is, to our knowledge, no widely 
accepted definition of what “techni-
cal debt management” means. For our 

purposes, technical debt management 
includes (at a minimum)

establishing and publishing a list 
of bad coding practices that create 
debt;
establishing and publishing the es-
timation model that transforms 
noncompliance findings into the 
amount of technical debt;
setting targets for debt and speci-
fying what level and what kinds of 
debt are acceptable for the project 
or organization;
monitoring this debt frequently 
enough to be able to react quickly;
analyzing and understanding this 
debt to estimate potential impact 
and provide rationale for decisions; 
repaying debt if it exceeds the target 
and fixing nonconformities to re-
turn within acceptable limits (such 
repayment must take into account 
specific project constraints, includ-
ing deadline, budget, and impact);
using the technical debt as input 
for governance of application assets 
and analyzing an application’s debt 
in correlation with other informa-
tion such as business value or user-
perceived quality; and
institutionalizing the previous prac-
tices and putting in place tools 
and processes to produce the ben-
efits of proactive technical debt 
management. 

On that last point, institutionaliza-
tion should cover not just development 
teams but also the entire hierarchy af-
fected by the application portfolio.

Estimating Technical Debt 
The project or organization must start 
by making a list of nonfunctional re-
quirements that define the “right 
code.” We call this the quality model. 
This definition will serve as a reference 

Managing 
Technical Debt 
with the SQALE 
Method 
Jean-Louis Letouzey and Michel Ilkiewicz, Inspearit

// The SQALE (software quality assessment based on life-
cycle expectations) method provides guidance for managing 
the technical debt present in an application’s source code. //

FOCUS: TECHNICAL DEBT

Characteristic: 
Testability

Requirement: 
There are no cloned parts 

of 100 tokens or more
Remediation microcycle: 

Refactor with IDE  
and write tests

Remediation function: 
20 minutes  

per occurrence

2012
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The «SQALE» Analysis Model
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per class and file in order to apply the representation 
condition. This measure is mostly independent of the 
programming language. 

• Another testability indicator is the presence of 
duplicated code. Indeed, every piece of duplicated 
code increases the unit test effort. 

• A reliability indicator is the absence of dynamic 
memory allocation (for real-time software) or a 
balanced use of allocation and deallocation 
instructions (malloc and freemem). Each violation of 
this rule increments the count by one, again for each 
class and file.  

• An understandability (a sub-characteristic of 
maintainability) indicator is the file comment ratio. If 
it is below SQALE’s default threshold of 25%, a 
violation is counted.  

• Finally, the presence of commented-out code is also 
counted as a readability (maintainability) violation. 
Indeed commented-out code increases the reading 
efforts for no added value. 

 
Of course, the various examples presented above have 

different remediation function. Generic parameters for these 
functions are available in the SQALE model, which can be 
tailored to the organisation. The parameters of the 
remediation functions can be calibrated based on historical 
data from past projects, if available. 

 
The SQALE quality and analysis models have been used 

to perform many assessments of software source code, of 
various sizes and in different application domains. The same 
layered and generic quality model has been used to assess 
COBOL, Java, embedded Ada, C or C++ software source 
code. For Java, C++ and Ada, the quality model contains, of 
course, object-oriented metrics to assess Testability, 
Changeability and Reusability. The quality model also 
provides control points to detect the absence of antipatterns 
such as those identified by Brown [10].  

 
To summarize even further, ratings in five levels (from 

“poor” to “excellent”) are established for the application 
managers by setting thresholds on the index densities. 

Several graphs and diagrams are used to efficiently 
visualize the strengths and weaknesses of the assessed source 
code: 

• Which software pieces contribute the most to 
the risks, 

• Which quality criteria are the most impacted, 
• What is the impact of the identified non-

compliances on the project or its users. 
Some of the indicators we use in our assessments and 

that provide in our experience a good visibility and good 
information for taking decisions are presented here. (Figures 
8 and 9). 
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Figure 8. Example of file rating distribution for a sample 

application 
 
In the case of the application shown in this example, the 

Testability aggregate index is high. Therefore, due to the 
chronological dependencies (see Figure 5), the other external 
characteristics cannot be satisfied (even partially), even in 
the presence of a rather good compliance to the control 
points for the higher characteristics. The diagram presents a 
finding which may seem paradoxical. Indeed, to markedly 
improve the Maintainability of the application, as perceived 
by the owner, it is preferable and more efficient to improve 
the Testability than to add comments.  

 

 
 
Figure 9: Testability index density broken down per 

application 
 
The analysis indicators mentioned have allowed us to 

localize precisely the high priority modifications (quick-
wins) to apply to increase the Testability, and therefore, the 
overall quality of the application. The analysis of the index 
density as shown in Figure 9 for example (the density is the 
ratio of the index to the size of the piece of software) has 
also enabled us to compare the non compliance distribution 
between different parts of the overall application. An 

 

 

Letouzey JL, Coq T. The SQALE analysis model: An analysis model compliant with the representation condition 
for assessing the quality of software source code.  

International Conference on Advances in System Testing and Validation Lifecycle 2010
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Don't Repeat Yourself (DRY) Principle
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The Don't Repeat 
Yourself (DRY) 
principle states that 
duplication in logic 
should be eliminated 
via abstraction; 
duplication in process 
should be eliminated 
via automation.

http://marchoeijmans.blogspot.co.uk/2012/06/dont-repeat-yourself-dry-principle.html
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Famous Quote

David Parnas says that if you use copy and paste 
while you’re coding, you’re probably committing a 
design error.

8

S. McConnell. 1998. Why you should use routines...routinely. IEEE Softw. 15, 4

1998

I don’t remember the occasion but it sounds 
like something I would say and I think it is true. 
It is attributed to me on the internet on those 
note sites so it must be true.   You can always 
trust the internet. !"#  

Dave Parnas
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Duplicated Code

Number one in the stink  
parade is duplicated 
code. If you see the 
same code structure in 
more than one place, 
you can be sure that 
your program will be  
better if you find a way 
to unify them.

9
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Duplicated Code

“Number one in the stink  
parade is duplicated 
code. If you see the 
same code structure in 
more than one place, 
you can be sure that 
your program will be  
better if you find a way 
to unify them.”
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“Cloning considered harmful” considered harmful:
patterns of cloning in software

Cory J. Kapser · Michael W. Godfrey

© Springer Science + Business Media, LLC 2008
Editors: Massimiliano Di Penta and Susan Sim

Abstract Literature on the topic of code cloning often asserts that duplicating code
within a software system is a bad practice, that it causes harm to the system’s design
and should be avoided. However, in our studies, we have found significant evidence
that cloning is often used in a variety of ways as a principled engineering tool. For
example, one way to evaluate possible new features for a system is to clone the
affected subsystems and introduce the new features there, in a kind of sandbox
testbed. As features mature and become stable within the experimental subsystems,
they can be migrated incrementally into the stable code base; in this way, the risk
of introducing instabilities in the stable version is minimized. This paper describes
several patterns of cloning that we have observed in our case studies and discusses
the advantages and disadvantages associated with using them. We also examine
through a case study the frequencies of these clones in two medium-sized open source
software systems, the Apache web server and the Gnumeric spreadsheet application.
In this study, we found that as many as 71% of the clones could be considered to
have a positive impact on the maintainability of the software system.

Keywords Clone detection · Clone analysis · Reverse engineering · Case study

1 Introduction

In much of the literature on the topic (Baker 1995; Baxter et al. 1998; Ducasse et al.
1999; Johnson 1994; Kamiya et al. 2002; Kontogiannis et al. 1996; Mayrand et al.
1996), cloning is considered harmful to the quality of the source code. For example,

C. J. Kapser (B) · M. W. Godfrey
Software Architecture Group (SWAG) David R. Cheriton School of Computer Science,
University of Waterloo, Waterloo, Ontario, Canada
e-mail: cjkapser@uwaterloo.ca

M. W. Godfrey
e-mail: migod@uwaterloo.ca

We found that as many as 71% of the clones 
could be considered to have a positive impact  
on the maintainability of the software system.

2006
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Duplicated Code

• increases code size 
• complicates software maintenance 

✘ errors may have been duplicated, too 
✘ changes have to be applied to all clones 

✘ ...

12
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Duplicated Code as Technical Debt 
Examples
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Risk Categories
Moderate High Very High

Propagated 3% 0% -
1-star 31% 8% 4%
2-star 16% 5% 4%

Changed 18% 3% 0%

Table 3: Calculating rework fraction for UI metric
to increase quality level from 1-star to 2-star

period when these snapshots were taken is between 2008 and
2010. Note that for this study only Java systems are used in
the analysis. Systems built using other technologies might
have significantly di↵erent rework characteristics, and thus
are excluded to avoid biases.

For each snapshot of every single system, Risk Profiles of
the following metrics are collected: Unit Interfacing (UI),
Unit Complexity (UC), Unit Size (US), Module Coupling
(MC), and Duplication (Dup). The percentages in the Risk
Profile (step 2) represent the mean percentage of code that
falls into three risk categories (Moderate, High, Very High)
for each maintainability rating (1 - 5). These risk categories
are determined based on di↵erent thresholds for di↵erent
metrics (recall the discussion in Section 2.2). Note that Du-
plication has no risk profile because it is measured at the
system level.

RF is determined by calculating the di↵erence in Risk
Profile between two maintainability ratings. Consider the
example to obtain RF for UI metric in Table 3. At the 1-
star level, 4%, 8%, and 31% of LOC are in the very high,
high, and medium risk category, respectively. To increase
the quality level from 1-star to 2-star, there is no change
in the very-high risk category, and thus 0% of the code is
propagated to the high risk category (it is assumed that a
percentage of code can only be propagated to the next im-
mediate risk category). However, in the high risk category,
3% of the code will need to be changed (8%� 5%), and this
amount of code will be propagated to the moderate risk cat-
egory. This propagation leaves 34% of the code (31%+3%)
in the moderate risk, and to move to 2-star level, 18% of
the code will need to be changed and then propagated to
the lower risk category. Using this method, it can be esti-
mated that to move from 1-star to 2-star, 21% of the code
(18% + 3%) will need to be changed.

For Duplication, estimating rework fraction is done by
calculating the average di↵erence of the percentage of du-
plicated code between two quality levels at the system level.
For example, if, on average, 3-star and 4-star system snap-
shots have 10% and 3% duplicated code respectively, then
it is inferred that the amount of code that needs to be
changed/refactored to improve the level of quality from 3-
star to 4-star would be 7% of the total LOC.

Finally, the value of RF for a quality change is obtained by
taking the maximum value of RF from the measured metrics
for a given quality change. The principal quality changes are
1–2, 2–3, 3–4, and 4 to 5-star. The maximum values of these
quality changes are the backbone of the RF table, based on
which RF of other quality changes (e.g., 1–3) can be easily
calculated—that is, by adding the RF of 1–2 and 2–3.

The max function is used based on the assumption that
the maximum percentage of code changes would also include
other changes in other metrics. Such assumption will result
in an optimistic estimation.

An alternative to using the maximum value would be sum-

Tech. Source Target SS RV RE

Java ? ? ? ? ? 136.5K 186.7 67.2
Cobol ? ? ? ? ? 275.7K 316.4 113.9
C++ ? ? ? ? ? 317.4K 332.4 119.7

Java ? ? ? ? ? ? ? 136.5K 186.7 193.3
Cobol ? ? ? ? ? ? ? 275.7K 316.4 327.5
C++ ? ? ? ? ? ? ? 317.4K 332.4 344.1

Table 4: Examples of Repair E↵ort (RE) (in man-
months) for di↵erent technologies (Functional size
= 3000 FPs; RA = 10%)

ming all the percentages of change. This approach, however,
will result in a pessimistic estimation. Another alternative,
namely using the average value tends to give an overly op-
timistic estimation. Thus, using the maximum value is a
midway of these alternatives.
The estimated RF values in Table 2 also indicate the

amount of technical debt as a percentage of system size.
Assuming that the ideal level of quality is 5-star, the tech-
nical debt of a software system with a 2-star quality level
would be equal to the cost of repair to improve the level of
quality to 5-star. In this case, the technical debt is 115% of
the total system size.

2.3.2 Calculating Repair Effort

Having defined RV and estimated RF, Repair E↵ort (RE)
can be calculated as follows:

RE = RF ⇤RV

Some factors such as team experience and the use of ad-
vanced tooling typically increase productivity in refactoring
a system. For example, in a context where a refactoring
team is highly experienced and equipped with advanced tool-
ing, RE can be discounted as much as 20%-30% of the origi-
nal value. These context-specific aspects of a project are not
accounted for in the basic RE calculation, and therefore an
adjustment to RE is introduced. This adjustment is called
Refactoring Adjustment (RA), and it is incorporated in the
RE calculation as a percentage discount:

RE = RF ⇤RV ⇤RA

To try the RE calculation, let us consider an example of
a Java system with a functional size of 3000 function points
(136.5 KLOC) that currently scores 2-star for its maintain-
ability rating. There is an urge to improve the quality of
the system, and the system owner wants to know the cost of
such improvement. Let us assume that the system is going to
be improved to 3-star. Furthermore, the renovation project
is equipped with advanced tooling, and this is expected to
reduce the e↵ort as much as 10%. The first row in Table
4 shows the repair e↵ort (RE) to increase the quality level
to 3-star (TF

java

= 0.00136). For the sake of comparison,
examples of di↵erent technologies with a similar functional
size are also provided in the table (note that the Function
Point to source statement conversion is based on the SPR
Programming Language Table [18]).
The result of calculating RE for the Java system (i.e.,

from 2-star to 3-star), as depicted in the first part of Ta-
ble 4, shows that it would take 67 man-months (5.6 man-
years) to do the repair. The table also shows that Cobol

Nugroho A, Visser J, Kuipers T. An empirical model of technical debt and interest.  
International Workshop on Managing Technical Debt 2011

2011
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Marinescu R. Assessing technical debt by identifying design flaws in software systems.  
IBM Journal of Research and Development. 2012 56(5).

1 Assessing technical debt by
2 identifying design flaws in
3 software systems

R. Marinescu

4 Tough time-to-market constraints and unanticipated integration or
5 evolution issues lead to design tradeoffs that usually cause flaws in
6 the structure of a software system. Thus, maintenance costs grow
7 significantly. The impact of these design decisions, which provide
8 short-term benefits at the expense of the system_s design integrity, is
9 usually referred to as technical debt. In this paper, we propose a
10 novel framework for assessing technical debt using a technique for
11 detecting design flaws, i.e., specific violations of well-established
12 design principles and rules. To make the framework comprehensive
13 and balanced, it is built on top of a set of metrics-based detection
14 rules for well-known design flaws that cover all of the major aspects
15 of design such as coupling, complexity, and encapsulation. We
16 demonstrate the effectiveness of the framework by assessing the
17 evolution of technical debt symptoms over a total of 63 releases of
18 two popular Eclipse projects. The case study shows how the
19 framework can detect debt symptoms and past refactoring actions.
20 The experiment also reveals that in the absence of such a framework,
21 restructuring actions are not always coherent and systematic, not
22 even when performed by very experienced developers.

23 Introduction
24 Software systems must evolve continuously to cope with
25 requirements and environments that are always changing [1].
26 Stringent time to market constraints and fast emerging
27 business opportunities require swift, but profound, changes
28 of the original system. Therefore, in most software projects,
29 the focus is on immediate completion and on choosing a
30 design or development approach that is effective in the short
31 term, even at the price of increased complexity, and higher
32 overall development cost in the long term [2]. Cunningham
33 introduced the term technical debt [3] to describe this
34 widespread phenomenon. According to this metaphor,
35 interest payments represent the extra maintenance effort that
36 will be required in the future, due to the hasty, inappropriate
37 design choices that are made today, and paying the principal
38 means the effort required to restructure the part of the
39 systems that were improperly designed in the past. As in
40 financial debt, there are two options: continuously paying the
41 interest or paying down the principal, by refactoring the

42design affected by flaws into a better one and consequently
43gaining through reduced future interest payments [4].
44When debt is incurred, at first, there is a sense of rapid
45feature delivery, but later, integration, testing, and Bbug[
46(i.e., flaw) fixing become unpredictable, to the point where
47the effort of adding features becomes so high that it exceeds
48the cost of writing the system from the ground up [5]. The
49cause of this unfortunate situation is usually less visible:
50The internal quality of the system design is declining [6],
51and duplicated code, overly complex methods, noncohesive
52classes, and long parameter lists are just a few signs of
53this decline [7]. These issues, and many others, are usually
54the symptoms of higher-level design problems, which are
55usually known as design flaws [8], design smells [7], or
56anti-patterns [9].
57Technical debt is not always bad. Often, the decision to
58incur debt is the correct one, especially when considering
59nontechnical constraints [10], but most of the time, incurring
60debt has a negative impact on the quality of a system_s
61design. In this paper, we propose a framework for assessing
62technical debt by exposing debt symptoms at the design
63level. Our framework is based on detecting a set of relevant

!Copyright 2012 by International Business Machines Corporation. Copying in printed form for private use is permitted without payment of royalty provided that (1) each reproduction is done without
alteration and (2) the Journal reference and IBM copyright notice are included on the first page. The title and abstract, but no other portions, of this paper may be copied by any means or distributed

royalty free without further permission by computer-based and other information-service systems. Permission to republish any other portion of this paper must be obtained from the Editor.

Digital Object Identifier: 10.1147/JRD.2012.2204512

R. MARINESCU 9 : 1IBM J. RES. & DEV. VOL. 56 NO. 5 PAPER 9 SEPTEMBER/OCTOBER 2012

0018-8646/12/$5.00 B 2012 IBM

2012
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Griffith I, Reimanis D, Izurieta C, Codabux Z, Deo A, Williams B.  
The correspondence between software quality models and technical debt estimation approaches.  

International Workshop on Managing Technical Debt 2014

refactoring) in either monetary amounts or amount of 
effort (i.e., man-hours). 

M3. Quality Estimate: This is an estimate of one of the 
following quality aspects (as defined in the QMOOD 
quality model): reusability, flexibility, 
understandability, functionality, extendibility, and 
effectiveness. 

In this paper we address a gap in current research addressing 
the appropriateness of several technical debt estimates in 
representing the relationship between external quality models 
and technical debt. Each selected method of technical debt 
estimation uses a different underlying quality model for which 
direct comparison was not available. Thus, we selected a 
separate quality model to which we can compare each measure 
against. We look at the relationship between technical debt 
estimation measures and the quality model, QMOOD (Quality 
Model for Object Oriented Designs) [14]. QMOOD uses a 
metrics suite; which is hierarchical in nature, and is based on 
the idea of using only metrics to indicate the quality level of 
software, such that the quality of the software can be evaluated 
early in the development lifecycle. 

This paper is organized as follows: Section 2 identifies 
relevant background information and related work. Section 3 
elaborates on the underlying research methods. Section 4 
presents the results and associated analysis. Section 5 presents 
threats to validity and their mitigation. Finally, section 6 
concludes with a summary of the findings and an outlook 
towards future work. 

II. BACKGROUND AND RELATED WORK 

A. Technical Debt Principal Estimation 
Although there are many proposed methods of technical 

debt estimation [2][3][4][5][6][7][8][9], in this study we are 
concerned with only three.  

The first method is implemented in the SonarQubeTM TD-
Plugin [4]. In order to evaluate each system we used 
SonarQubeTM sonar runner to analyze the source code of each 
system. After the analysis we used the TD-Plugin (with default 
settings) to extract the technical debt estimate for each release. 
This method uses the following formula to calculate the 
technical debt value [4]: 

 
Debt = duplication + violations + comments + coverage 

+ complexity + design (1)

 duplication = cost_to_fix_one_block * duplicated_blocks (2)

 violations = cost_to_fix_one_violation 
 * mandatory_violations (3)

 
comments = cost_to_comment_one_API  

* public_undocumented_API (4)

 
coverage = cost_to_cover_one_of_complexity  

* uncovered_complexity_by_tests (5)

 
design = cost_to_cut_an_edge_between_two_files 

* package_edges_weight (6)

complexity = cost_to_split_a_method   
* function_complexity_distribution ≥ 8   

+ cost_to_split_a_class  
* (class_complexity_distribution ≥ 60) 

(7)

Where duplication, violations, comments, coverage, 
complexity and cycles secondary formulas is each measured in 
man-days. Each of the costs used in the secondary formulas can 
be set as parameters. We used the default values as described 
by Table 1. Duplication refers to the estimated effort associated 
with the removal of duplicated code in the system. Violations is 
the estimated effort associated with the removal of violations in 
the system. Coverages represents the estimated effort required 
to bring test coverage up to 80%. Complexity is the total 
estimated effort required to split every method and every class 
(of those requiring such a split). Comments refers to the 
estimated effort associated with documenting the 
undocumented portions of the API. Design refers to the 
estimated effort associated with cutting all existing edges 
between files. Each of the cost (estimated effort) (Table 1) are 
defined in man-hours, in order to convert this to man-days for 
the debt calculation, the default value of 8 hours per day is used. 
A final calculation is then performed to evaluate the cost per 
man-day of technical debt using a default value of $500.  

The second method proposed by Curtis, Sappidi, and 
Szynkarski [2][3] estimates technical debt principal using a cost 
model based on detected violations. This method uses estimates 
of time to fix and cost to fix in order to connect these identified 
violations to a monetary value. The following equation is 
proposed as a means to measure the technical debt principal: 

TDE = (ΣHS * %HS * HSF * HScost) 

         + (ΣMS * %MS * MSF * MScost) 

      + (ΣLS * %LS * LSF * LScost) 
(8)

Where ΣHS,  ΣMS, and ΣLS  are the count of high severity, 
medium severity, and low severity violations respectively. The 
values for %HS, %MS, and %LS represent the percentages of 
high, medium, and low severity violations intended to be fixed. 
The values of HSF, MSF, and LSF represent the average time (in 
hours) required to fix per instance of each severity level. 
Finally, the values of HScost , MScost , and LScost  represent the 
cost in monetary value per hour to perform the work. Curtis, 
Sappidi, and Szynkarski, provide three estimates for technical 
debt (see Table 2).  

TABLE 1. DEFAULT COST VALUES USED IN THE CALCULATION OF 
TECHNICAL DEBT IN THE SONARQUBE TD-PLUGIN [4]. 

Cost 
Default Value 

(in man-hours) 
cost_to_fix_one_block 2 
cost_to_fix_one_violation 0.1 
cost_to_comment_one_API 0.2 
cost_to_cover_one_of_complexity 0.2 
cost_to_split_a_method 0.5 
cost_to_split_a_class 8 
cost_to_cut_an_edge_between_two_files 4 

20
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O. Gaudin, "Evaluate your technical debt with Sonar," Sonar, 2009. 
http://www.sonarqube.org/evaluate-your-technical-debt-with-sonar/

2009
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Duplicated Code 
aka “Cloned Code”

Clones are 
segments of code 
that are similar 
according to 
some definition 
of similarity. 
 
Ira Baxter, 2002

18
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Duplicated Code Detectors

Dup
CloneDr

Duplix
Bauhaus

ConQAT

Shinobi

CCFinder

Simian

SimScan

CPD

PMD

ACD

CLICS

Clone Digger

Duplo

JCD

Scorpio

JCCD KClone

Clone Board

Clone Tracker

CPC

SDD

NICAD

19



30 Similarity Analysers

20

CCFinderX 
iClones 

Simian, NiCad 
Deckard

Clone detectors

JPlag 
Plaggie, Sherlock 

Sim

Plagiarism detectors

7zncd, bzip2ncd 
gzipncd, xz-ncd 

icd, ncd
Compression

diff, bsdiff 
difflib, fuzzywuzzy 

jellyfish, ngram, sklearn

Others
Ragkhitwetsagul et al: Similarity of Source Code in the Presence of Pervasive Modifications.  

International Working Conference on Source Code Analysis and Manipulation 2016.
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21By Ilbasso (Own work) [CC BY-SA 3.0 (http://creativecommons.org/licenses/by-sa/3.0) or GFDL (http://www.gnu.org/copyleft/fdl.html)], via Wikimedia Commons



ccfx

deckard
iclones
nicad
simian

jplag-java

jplag-text
plaggie
sherlock
simjava
simtext

7zncd-BZip2
7zncd-LZMA

7zncd-LZMA2
7zncd-Deflate

7zncd-Deflate64

7zncd-PPMd
bzip2ncd
gzipncd

icd
ncd-bzlib

ncd-zlib
xz-ncd
bsdiff

diff

py-difflib
py-fuzzywuzzy

py-jellyfish
py-ngram
py-sklearn

0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 F1

Clone  
det.

Plag  
det.

Comp.

Others
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Citation from an typical clone related paper

“the existence of clones is known to worsen 
productivity in software maintenance”

Is it really?
23
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How to measure duplication?

24

LOC

Duplication
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Is Clone Code more stable?

• If cloned code is changed often, it requires more 
attention and is more expensive 

• If cloned code is more stable,  
its maintenance costs will be lower

25
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Cloned Code is (not) changed more often

• Lozano et al 2007 and 2010... 
• Krinke 2008: Is cloned code more stable than non-

cloned code? 
• Hotta et al 2010: Is duplicate code more frequently 

modified than non-duplicate code in software 
evolution? 

• Göde and Harder 2011: Clone Stability 
• Harder and Göde 2012: Cloned Code: Stable Code

26

Cloned code may be more stable 
than Non-Cloned Code
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Is Clone Code more stable? 
Is Clone Code older?

• Cloned code is usually older 
than non-cloned code. 

• Cloned code in a file is usually older 
than the non-cloned code in the same file.

27

Cloned code is older, i.e., more stable 
than Non-Cloned Code

J.Krinke: Is Cloned Code older than Non-Cloned Code?  
International Workshop on Detection of Software Clones 2011.
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Pitfalls

The different studies agree in general, 
so can we make a general observation? 

• If so, they must agree for each system! 
• Experiment: 

Compare two approaches on 12 systems

28
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Experiment

• Major Disagreement 
• AA only considers the 

time after the last 
change 

• MF considers the 
complete history 

• AA and MF 
do not correlate! 

• Be aware of 
what you measure!

Agreement
DNSJava ✘

Ant-Contrib ✘

Carol ✘

Plandora ✘

Ctags ✘

TidyForNet ✘

QMail Admin ✔

Hash Kill ✔

GreenShot ✘

ImgSeqScan ✘

CapitalResourc
e

✔

MonoOSC ✔

29
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Are Clones changed consistently?

• If cloned code is changed consistently, 
it evolves together 

• If cloned code is changed consistently,  
inconsistent changes may be bugs

Krinke J: A Study of Consistent and Inconsistent Changes to Code Clones.  
Working Conference on Reverse Engineering 2007 30
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Are Clones changed consistently?

• Clones are inconsistently changed (~50%) 
• if a clone group is inconsistently changed,  

there is an increasing probability 
that it is consistently changed later 
(Late Propagation)

Krinke J: A Study of Consistent and Inconsistent Changes to Code Clones.  
Working Conference on Reverse Engineering 2007 31
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Do Clones Lower the Quality?

There is no significant difference between the 
quality of cloned and non cloned methods  
for most of 27 metrics. 
• 4,421 Java projects, 1,4mio methods) 
• Code Complexity, Modularity, Documentation 
• Exceptions 

– HEFF (Halstead effort) 
– NEXP (number of expressions) 
– XMET (number of external methods called)

32
Saini V, Sajnani H, Lopes C: Comparing Quality Metrics for Cloned and non cloned Java Methods  

International Conference on Software Maintenance and Evolution 2016.
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Do inconsistent changes cause problems?

• Bakota et al. 2007: Detected six defects based 
on their analysis of 60 change anomalies in the 
evolution of clones. 

• Selim et al. 2010: cloned code is not always 
more risky than non-cloned code; 
the risk seems to be system dependent. 

• Göde, Koschke 2011: The number of 
unintentional inconsistent changes is small.

Bakota T, Ferenc R, Gyimothy T: Clone Smells in Software Evolution. International Conference on Software Maintenance, 2007.  
Selim G, Barbour L, Shang W, Adams B, Hassan A, Zou Y: Studying the Impact of Clones on Software Defects. Working Conference on Reverse Engineering, 2010. 

Göde N, Koschke R: Frequency and Risks of Changes to Clones. International Conference on Software Engineering, 2011
33
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Do Clones cause Bugs?

• most bugs have very little to do with clones 
• cloned code contains less buggy code 
• larger clone groups don’t have more bugs than 

smaller clone groups 
• making more copies of code  

doesn’t introduce more defects

34
Rahman F, Bird C, Devanbu P: Clones: What is that smell?  

Working Conference on Mining Software Repositories, 2010.
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Software Redundancy

• Intentional Redundancy 
N-version programming 

• Unintentional Redundancy 
Duplication of code or functionality 

• Implicit Redundancy 
Redundancy in Programming Languages 

35
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Redundancy 
good or bad?

Mny blv tht rdndncy s bd 
nd tht rmvng rdndncy 
mprvs prdctvty nd mntnblty. 
 
 

36
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Redundancy 
good or bad?

Many believe that redundancy is bad  
and that removing redundancy  
improves productivity and maintainability. 

But redundancy can improve reliability, 
productivity, maintenance and comprehension.

37
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WANTED!         
 
 
   

 
 

Copy and paste doesn't create bad code.  
Bad programmers create bad code. 

 Jeff Atwood, 2009


