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ABSTRACT
Software metrics provide basic means to quantify quality of
software systems. However, the effectiveness of the measurement
process is directly dependent on the definition of reliable
thresholds. If thresholds are not properly defined, it is difficult to
know, for instance, whether a given metric value indicates a
potential problem in a class implementation. There are several
methods proposed in literature to derive thresholds for software
metrics. However, most of these methods (i) do not respect the
skewed distribution of software metrics and (ii) do not provide a
supporting tool. Aiming to fill the second gap, we propose a tool,
called TDTool, to derive metric thresholds. TDTool is open
source and supports four different methods for threshold
derivation. This paper presents TDTool architecture and illustrates
how to use it. It also presents the thresholds derived using each
method based on a benchmark of 33 software product lines.

Categories and Subject Descriptors
D.2.3 [Coding Tools and Techniques]: Object-Oriented
Programming, D.2.8 [Metrics]: Complexity Measures.

General Terms
Measurement, Design, Experimentation, Verification.

Keywords
Metrics; Thresholds; Software Systems.

1. INTRODUCTION
With software-intensive systems growing in size and complexity,
better support is required for measuring and controlling the
software quality [13]. Moreover, to support software quality
properly, it is required an effective measurement of the software
system quality properties [19]. In fact, metrics are the pragmatic
means for assessing software quality properties, such as length
and complexity [7][9]. In addition, software metrics can help to
reveal specific design flaws of a system that should be closely
monitored [17]. For instance, high metric values can be used to
indicate whether a critical design flaw (or smell) is affecting the
software structure. In this case, developers may suspect that
something is wrong in the system implementation. Typical
examples of design flaws include large classes [11]; i.e., a class
realizing a non-cohesive set of functionalities compared to other
classes of the system [14].
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Nevertheless, the effectiveness of a system measurement process
is directly dependent on the definition of appropriate thresholds
[19]. Thresholds allow objectively characterizing or classifying
each entity according to one of the software metrics. The
definition of appropriate thresholds needs to be tailored to each
metric. Therefore, since several metrics are often analyzed in a
system, threshold derivation for each metric in an ad hoc fashion
is time consuming and impractical [3][19]. As a result, several
methods [3][10][12][19][24][25] have been proposed to derive
metric thresholds.
In past, thresholds were derived based on experience of software
engineers or using a single systems as a reference [7][12][18][22]
[25]. More recently, thresholds have been derived in a systematic
way based on two desirable points [3][10][19][24]: (i) the skewed
distribution of software metrics and (ii) a benchmark. Systematic
methods for threshold derivation favor the replicability of its
application. Since software metrics can have different
distributions, such as normal, power law, and common
[3][10][23], a method using only average and mean can provide
invalid or inappropriate thresholds [3][10]. Therefore, the method
has to rely on the statistical foundations to derive appropriate
thresholds. Finally, another desirable point is related to the use of
information from similar systems (i.e., a benchmark) to help
deriving thresholds. The idea of benchmark-based methods is to
identify entities that present discrepant values compared to other
entities in similar systems. For example, if almost all classes of a
benchmark have complexity smaller than 10, classes with
complexity much greater than 10 may indicate a problem.
After a literature review [23], we identified three methods that
follow these desirable points; we named them Alves [3], Ferreira
[10], and Oliveira [19]. We also proposed our own method [24],
named Vale, based on the strengths of the reviewed methods. On
top of these previous studies, this paper proposes a tool, called
TDTool, to derive metric thresholds for the four methods. Several
reasons motivated the proposed tool. First, thresholds are
important to measure software quality properties. In fact, since
systems are growing in size and complexity, many recent studies
have been proposing methods to support threshold derivation
[3][10][19][24]. Second, a tool makes the threshold derivation
easier and more reliable since the effort is reduced and mistakes in
the steps of the methods can be avoided. Third, practitioners may
be interested in finding a derivation method that supports
activities for improvement of software quality best. Despite the
importance of tool support, only one method provides a free and
open source tool [20]. However, we believe that developing a tool
able to run more than one method can make the comparison of the
derived thresholds easier. In addition, the tool would allow its
users to choose which method suits their specific needs best.
The remainder of this paper is organized as follows. Section 2
discusses background information focusing on how we chose the
four threshold derivation methods. Section 3 presents the

architectural design and implementation of TDTool. Section 4
presents a preliminary evaluation of TDTool by deriving
thresholds for four metrics using all methods. The thresholds were
derived based on a benchmark of software product lines [23].
Section 5 discusses final remarks and directions for future work.

2. BACKGROUND
This section presents some concepts to make it easier to
understand this paper. Section 2.1 describes the four methods
studied in this paper to derive thresholds. Section 2.2 presents the
selected metrics used in the preliminary evaluation of TDTool.

2.1 Methods to Derive Metric Thresholds
This section describes the four methods to derive thresholds
which compose the proposed tool. We decided to reduce the scope
by focusing only on methods that fit the desirable points described
in the previous section, because they are a common evolution step
of methods to derive thresholds recently proposed.
To find these methods, we performed a literature review to find
methods to derive thresholds. The literature review was held in
four different electronic databases: IEEE Xplore1, Science Direct2,
ACM Digital Library3, and El Compendex4. In addition to
examining the items retrieved in these electronic databases, we
used the snowballing technique [6]. The snowballing technique
consists of investigating the references retrieved in electronic
databases in order to find additional relevant papers to increase
the scope of the search and provide broader results [6]. The
literature review of this work followed similar steps to the
protocol of a Systematic Literature Review (SLR) [15]. A SLR is
a well-defined method to identify, evaluate, and interpret all
relevant studies regarding a particular research question, topic
area, and phenomenon of interest [15]. After applying the review
protocol, we selected around 50 primary studies in order to extract
information related to methods to derive thresholds. The primary
studies can be found on the supplementary website5.
Alves’ Method – The method proposed by Alves et al. in 2010
[3] is divided into six steps: (1) measurement extraction – one file
per system, (2) weight ratio calculation based on lines of code
(LOC), (3) entity aggregation, (4) system aggregation, (5) weight
ratio aggregation, and (6) thresholds derivation. To compute
weights, this method requires the total LOC of the target system.
Finally, the percentage is defined and the thresholds can be
extracted. Generally, this method proposes 70%, 80%, or 90% to
represent the following labels: low (between 0-70%), moderate
(70-80%), high (80-90%), and very high (>90%). For example, if
it is required values of the high label it is necessary to add the
percentages until 80%; the upper metric value is the threshold.
Ferreira’s Method – This method was proposed by Ferreira and
her colleagues in 2011 [10]. It is relatively simple and can be
divided in 4 steps: (1) measurement extraction, (2) weight ratio
computation, (3) sorting of metric values, (4) grouping of metric
values, and (5) threshold derivation. The metric values are first
collected for each system and grouped into a unique file (step 1).
Then, a weight ratio function is computed for each value (step 2).
The values with respective weights are sorted in ascending order
(step 3). Then, values of entities are aggregated (similarly to
computing a weighted histogram) (step 4). Finally, based on the
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values distribution, we may choose two thresholds that defines
three different labels: high, medium, and low frequency of metric
values. The labels are called good, regular, and bad, respectively.
Note that the method does not provide exact values for thresholds,
so users are free to choose the most appropriate values based on
their subjective interpretation of the values distribution. (step 5).
Oliveira’s Method – This method was proposed by Oliveira and
her colleagues in 2014 [19] it relies on a formula for calculating
thresholds. This formula is called Compliance Rate and can be
expressed as follows: p% of the entities should have M ≤ k, where
M is a given source code software metric calculated for a given
software entity (e.g., features or classes), k is the upper limit of M,
and p is the minimal percentage of entities that should follow this
upper limit k. Therefore, this relative threshold tolerates (100-p)%
of classes with M > k. The values of p and k are based in two
constants, Min and Tail. These constants are used to drive the
method towards providing some quality confidence to the derived
thresholds. More specifically, these constants are used to convey
the notions of real and idealized design rules, respectively. The
values of these two constants are in a range between 0 and 100.
This method also relies on three additional formulas beyond the
Compliance Rate. Two of these formulas involve penalties for the
Min and Tail constants, respectively. The third formula sums up
these penalties. The combined pair of p and k with minor penalty
is chosen to compose the Compliance Rate. In case of ties, it
chooses the pair with highest p and then the one with the lowest k.
Vale’s Method – We proposed this method in 2015 [24] and it is
divided into five steps: (1) metrics extraction, (2) weight ratio
calculation, (3) sort in ascending order, (4) entity aggregation, (5)
threshold derivation. First (step 1), the metrics are extracted from
a benchmark of software systems. For each system and for each
entity belonging to the system (e.g., class) the metric value is
recorded in a file, such as a spreadsheet. Each column should
represent a metric and each row represents an entity. Second (step
2), for each entity, the weight percentage within the total number
of entities are calculated. Hence, all entities have the same weight
and the sum of all entities must be 100%. In step 3, the metric
values are ordered ascending. Next, all entities per metric value
are aggregated in step 4, which is equivalent to computing a
weighted histogram (the sum of all bins must be 100%). Finally,
in step 5, thresholds are derived by choosing the percentage of the
overall metric values. Similarly to Alves’ method, the
recommended labels are: very low (between 0-3%), low (3-15%),
moderate (15-90%), high (90-95%), and very high (95-100%).
The labels are based on analysis of different metrics distributions.
As can be seen, each of these methods derive thresholds using a
different way and they have different characteristics. For instance,
Alves’ Method correlates metrics and three of them (except
Oliveira’s) define labels for different thresholds. All four methods
follow steps to derive thresholds. The method characteristics can
fit better for a type of benchmark or a set of selected metrics. For
instance, Alves’ Method is not the best choice when metrics do
not present a positive linear correlation with lines of code [23].
However, Oliveira’s Method is not suitable when you need
different labels for entities, such as in a detection strategy [17].
More details about the methods can be found in previous work
[3][10][19][24].

2.2 Selected Metrics
Developers, project managers, and software maintainers are
interested in measuring different properties of software systems.
For instance, developers might measure software quality
properties, such as functional requirements. Software metrics can

quantify internal software properties, such as size, coupling, and
complexity. In the preliminary evaluation of the proposed tool, we
use the four following metrics: Coupling between Objects (CBO),
Weight Method per Class (WMC), Lines of Code (LOC), and
Number of Constant Refinements (NCR). Note that our tool
handles with any kind of metric since TDTool’s input is a set of
CSV files with pre-computed metric values from a benchmark.
Figure 1 provides examples of applying each of the four metrics.
For instance, Coupling between Objects (CBO) [7] counts the
number of classes called by a given class. CBO measures the
degree of coupling among classes. Figure 1(a) illustrates an
example of how CBO is calculated. In that example, each box
represents classes and each arrow represents a relation between
two classes.
Weight Method per Class (WMC) [7] weights the methods of a
class. Particularly, in this work, each method of a class equally
weights one unit. This metric can be used to estimate the
complexity of a class. Figure 1(b) illustrates how WMC is
computed when considering the number of method in a class. For
each method present in a class, we increment the value of WMC.
In case of Figure 1(b), there are three methods and, so, WMC = 3.
Lines of Code (LOC) [16] counts the number of uncommented
lines of code per class. The value of this metric indicates the size
of a class. Figure 1(c) presents an illustrative example of
computed LOC. LOC counts code lines, but LOC does not count
neither comment lines nor blank lines. In Figure 1(c), LOC is
equal to 9.

public class Class{
public static void
method1()
{...}
public static void
method2()
{...}
public static void
method3()
{...}
}

indicates how complex the relationship between a constant and its
features is. Constants and refinements are files that can often be
found in Feature-Oriented Programming (FOP) [5]. That is,
refinements can change the behavior of a constant if certain
feature is included in a product. Figure 1.3(d) presents an example
of computed NCR. In Figure 1.3(d), we have the features i, j, and
k; classes a, b, and, c. The top-most circles ai, bi, ci are constants
of feature i; aj, cj, ck are refinements of feature j and k,
respectively. Therefore, constants ai, bi, and ci have NCR equal to
1, 0, and, 2, respectively.
We chose LOC, CBO, and WMC because these metrics are wellknown and used in the Software Engineering community
[7][9][10][19]. As we are going to evaluate the derived thresholds
in a benchmark composed of feature-oriented software product
lines [23], we select NCR as a representative metric of this
specific context. NCR is a metric recently proposed which
quantifies a characteristic of feature-oriented programming.
Features can be defined as modules of an application with
consistent, well-defined, independent, and combinable functions
[4]. For all four metrics described, classes with higher values are
more likely to be worse in the software systems quality.

3. TDTool
Figure 2 presents the simplified architecture design of TDTool.
The tool expected a set of CSV files. Each file has the measures of
the entities of a system. That is, for a benchmark with 100 systems
are expected 100 CSV files. We choose CSV because it is a
common format that measurement tools export. For instance,
CodePro Analytix [8] and VSD [2] tools export their
measurements as CSV files. After the threshold derivation, the
results of TDTool are presented on screen and they can also be
also exported to a CSV file.
Figure 3 presents the four main stages of the TDTool execution:
method selection, configuration, processing and presentation. In
the method selection stage, a summary is shown to the user with
all methods available. For each method, there is an execution
button. After choosing a method, the tool opens up another screen
in which the method will be executed. We chose Alves’ method to
illustrate the use of TDTool in this section (see Figures 5 and 6).
Similar views are presented for the other methods.

WMC = 3
(a) CBO

(b) WMC

public class Class{
private int a1;
private int a2;
public void static
main (...){
int var1 = 0;
int var2 = 0;
}
}

LOC = 9
(c) LOC

Fig 2: TDTool Architecture Overview

(d) NCR

Fig 1: Examples of Computing Metrics

Fig 3: TDTool stages

Number of Constant Refinements (NCR) [1] is a metric specific
for software product lines. A software product line is a
configurable set of software systems that shares a common,
managed set of features in a particular market segment [5]. NCR
counts the number of refinements that a constant has. Its value

In the configuration stage (Figure 3), the tool user has to (i) select
the files which compose the benchmark and (ii) select the metrics
that he wants to derive thresholds. Each file represents a software
system. TDTool expects CSV files in the following format: each
column represents a metric and each row represents an entity.

Figure 4 shows an example of an expected file to derive
thresholds for four metrics (LOC, CBO, WMC, and NCR). These
metrics were collected from the TankWar source code. TankWar
is a game developed by students at German University of
Magdeburg as a software product line to adhere to portability
requirements common to mobile devices [21]. In this case, the
entities represent the classes of the system. TDTool does not
depend on the way the metrics have been calculated. It only needs
to receive as input the file in the expected format.

summarizes the derived thresholds of the selected method. For
instance, Figure 6 presents the results of CBO, LOC, NCR, and
WMC for Alves’ Method. As described in Section 2, Alves’
Method provides thresholds using different labels and, therefore,
more than one threshold is presented for each metric.

Fig 6: Final results
For each stage of the tool, the user can close the tool, return to the
previous stage or go to the next one. In the final presentation
stage, the user can export the results clicking the Save button. The
results files are then saved in a CSV file containing all the entities
with their respective percentage. TDTool is an open-source
project and available at our research group website6. We also
provide a “read me” document file to support the extension of our
tool, with inclusion of new methods, for instance.
Fig 4: Input example
Figure 5 presents the selection metrics view. TDTool identified
Component, LOC, CBO, WMC, and NCR as metrics, although
the first column represents the entities’ name. Therefore, we did
not want to derive thresholds for the first column. Hence, we
selected only LOC, CBO, WMC, and NCR. For Alves’ method, in
particular, the LOC column must be selected because this method
correlates LOC with the other selected metrics (see Section 2).

4. PRELIMINARY EVALUATION
In order to illustrate the use of TDTool, we derive thresholds for
four metrics collected for the 33 software product lines in our
benchmark [23]. This benchmark was divided in other two
benchmarks restricted by the lines of code (LOC). We used the
VSD tool [2] to compute the values of the metrics for each class
of each software product line. Data is stored as CSV files.
Tables 1, 2, 3, and 4 summarize the derived thresholds for Alves’,
Ferreira’s, Oliveira’s, and Vale’s methods, respectively. We
compared the thresholds obtained manually with the thresholds
obtained by TDTool and they are always the same. A more
detailed discussion regarding different results provided by the
different methods is presented by Vale and Figueiredo [24].
Therefore, we conclude that TDTool correctly derive thresholds
according to the four methods.
Table 1. Thresholds from Alves’ Method
Benchmark
1

2

3

Fig 5: Metrics selection
The processing stage of the tool is responsible for deriving the
thresholds. Each selected method results in threshold derivation
following the corresponding method steps. The description of the
four methods supported by TDTool is on Section 2. Finally, in the
presentation stage, the results are shown in a table. The table

Percentage
70
80
90
70
80
90
70
80
90

LOC
92
151
252
127
221
328
192
293
442

CBO
9
13
21
13
19
24
18
22
29

WMC
14
31
58
25
45
75
40
58
84

NCR
1
2
4
1
1
5
1
1
7

5. RELATED WORK
Threshold derivation has been extensively studied in the literature
and different methods were proposed [3][10][19][24].
6
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[3] Alves, T.L., Ypma, C. and Visser, J. Deriving Metric Thresholds

Table 2. Thresholds from Ferreira’s Method
Benchmark
1
2
3

Boxplot
1
3
1
3
1
3

LOC
27
77
27
78
27
79

CBO
5
11
6
11
6
12

WMC
6
17
6
17
6
18

NCR
0
3
0
3
0
3

[4]
[5]
[6]

Table 3. Thresholds from Oliveira’s Method
Benchmark
1
2
3

LOC
91
86
78

CBO
6
9
13

WMC
11
14
21

NCR
1
2
2

Table 4. Thresholds from Vale’s Method
Benchmark
1

2

3

%
3
15
90
95
3
15
90
95
3
15
90
95

LOC
3
5
78
139
3
5
79
143
3
5
80
147

CBO
2
2
12
17
2
2
12
17
2
2
13
18

WMC
1
2
18
32
1
2
18
33
1
2
19
35

NCR
1
1
4
8
1
1
4
9
1
1
4
9

Unfortunately, most of these methods are not supported by free
tools. To our best knowledge, Oliveira’s Method [19] is the
onlyexception. The tool proposed by Oliveira and her colleagues,
namely RTTool [20], motivates our work because TDTool is able
to calculate their method and three other methods. Finally, the tool
of Alves is proprietary, while TDTool is open source and free. We
did not find any tool to execute Ferreira’s method.

6. CONCLUSION AND FUTURE WORK
This paper describes TDTool, an open-source tool capable of
deriving thresholds for four recent proposed methods in literature.
These methods fit desirable points: for instance, they are welldefined methods, they consider the skewed distribution of metrics,
and they are based on benchmarks. TDTool has been successfully
applied to a benchmark of feature-oriented software product lines
and is currently being applied to a larger benchmark of open
source Java systems. We plan to evaluate TDTool by using it to
measure different software systems. With this evaluation, we aim
to compare results of the methods and identify their pros and cons.
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