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Abstract: 

The aim of this paper is to investigate if it is possible to build accurate Bayesian net models 
for software development effort and quality prediction under two assumptions for model gen-
eration: (1) no expert knowledge is incorporated, (2) only small local qualitative data is used. 
Models generated in this study provide predictions with medium level of accuracy, yet still 
keeping the literature average. Thus, they can be used to make only rough estimations at the 
early software development stage. However, they can be a useful base for detailed models in-
corporating expert knowledge and tailored for individual needs. 
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1. Introduction 
Software engineering and statistics literature suggest using large and homogeneous da-

tasets to predict effort and quality. This requirement can hardly be met in industry as exten-
sive metrics programs are expensive. Additionally, many statistical methods require meeting 
specific assumptions in respect with the data, like normal distribution, linear relationships 
etc. In industrial use, the analysis of such constraints is often omitted, possibly due to lack 
of awareness of them. This leads to incorrect use of particular methods. In other cases, man-
agers skip the whole modelling process at all and get “predictions” come purely on intuition. 

Thus, there is a need for such modelling method, which is easy to use for non-specialists 
in statistics, artificial intelligence (AI) or related fields. The procedure of building a model 
should be flexible about incorporating expert knowledge, generating the model purely from 
empirical data or mixing expert knowledge with empirical data, depending on particular 
industrial needs and time available. Such method should also allow presenting both the 
model and the results in a clear way. 

Bayesian net (BN) is one of very few methods, which meet such criteria. This probabil-
istic method has been successfully used in various studies, including in software engineering 
field [2], [7], [8], [14], [15], [17], [20], [21], [25], [37], [38], [41], [42] – more details will 
come in Section 2. 

The aim of this study is to analyze if BNs can be effectively used to predict software de-
velopment effort and software quality. There are two assumptions in this experiment – real-
istic and important, especially from industrial perspective: 

– Available dataset is small but contains local data about past projects from a single 
company. 
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– A predictive model is automatically generated from available data without expert in-
put. 

One of the most important advantages of BNs is the ability of incorporating expert 
knowledge and empirical data – with different proportions, depending on particular envi-
ronment. In BN models that incorporate expert knowledge, this incorporation typically takes 
place at one of the early stages of model development (when there is no working model yet). 
This process is time-consuming so it is difficult to follow such approach where there is a 
pressure to build a model fast. Generating a BN automatically from data, i.e. without expert 
input, simplifies and shortens the process of building a BN. However, it is at the cost of 
model correctness (many, even trivial/deterministic relationships may not be discovered) 
and/or the accuracy of predictions. 

The main research question analyzed in this paper is: can we use BNs automatically 
generated from small local data to predict effort and quality? The process of generating 
such models is easy to follow mainly because it does not require detailed domain-specific or 
statistical knowledge. It has is a strong practical aspect – as in a typical industrial setting 
low volume of data and limited methodological knowledge available. 

There are many other methods, possibly allowing more accurate predictions, but they 
require additional knowledge and take more time to build a predictive model. Based on ob-
servations of the industrial needs, it appears that there may be a place for methods more 
accurate but more difficult to use, and for methods less accurate but easy to use. In this pa-
per we focus on the latter by analysing if software companies can make use of such small 
and relatively cheap datasets to predict effort and quality. 

The main contribution of this paper is an analysis in which we have automatically gen-
erated a set of BNs from small dataset without user input. This includes the discussion of the 
features of these BNs. Furthermore, this paper provides a summary of recent BNs for soft-
ware engineering area built either purely by an expert, automatically from data, or using a 
mixture of expert knowledge and empirical data. This paper is an extended version of an 
earlier study [33]. It provides more details on performed experiment and results. Additional-
ly, it contains a sensitivity analysis not discussed earlier. 

This paper is organized as follows: Section 2 provides background on BNs. Section 3 
contains the description of a dataset and a method used in this study. Achieved results, com-
pared with results from earlier studies, have been discussed in Section 4. Section 5 draws 
main conclusions. 

2. Bayesian nets 

2.1. Bayesian nets background 

Bayesian net [9], [18], [23], [27], [34] is a probabilistic model which contains two per-
spectives: graphical and numeric. Graphically BN is a directed acyclic graph consisting of a 
set of nodes (variables) and directed links between pairs of nodes. Through this graphical 
representation BNs allow to clearly reflect relationships between variables. Numerically 
each node is defined in terms of conditional probability distribution given the states of its 
parent nodes. Thus, the joint probability distribution over its variables Xi, ..., Xn is defined 
as: 
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BNs allow both forward and backward reasoning using a Bayes’ Theorem [3]: 
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where: 
– P(Y|X) is the posterior probability (to be calculated) of event Y given event X, i.e. it 

incorporates all evidence X, 
– P(Y) is the prior probability of event Y, 
– P(X|Y) is the likelihood of evidence X given event Y, 
– P(X) is the prior probability of event X – it is a normalizing constant which can be 

computed as: ∑=
j

jj YPYXPX )()|()P( . 

Although Bayes’ Theorem was formulated back in the XVIII century, BN concepts (and 
the term itself) were introduced in the 1980’s in pioneering work by Pearl [26], [27], and 
since then they “have revolutionized AI” [28]. 

The motivation for selecting BNs in this study is the unique set of their features: 
– ability to build models in several ways, depending on available data and domain 

knowledge – purely from the data, purely by an expert or using a combination of 
empirical data and expert knowledge, 

– ability to reflect causal relationships when the model structure is built by an expert, 
– explicit incorporation of uncertainty in the form of probability distributions for mod-

el variables, 
– ability of both forward and backward reasoning what gives a powerful base for simu-

lation experiments, 
– graphical representation of model topology is clear and intuitive. 

2.2. Related BN Models 

Table 1 summarizes some of recent BNs for software engineering. Most of these models 
have been built to predict either effort or quality (various measures), some enable an inte-
grated effort and quality prediction. In the very few other models the focus has been set to 
other aspects, mostly related to requirements specification phase. Four main types of struc-
tures have been used in these BNs: 

– Naive Bayesian classifier (NBC) – a structure of a diverging star with all the links 
directed from a single dependent variable to each predictor. 

– Converging star (CS) – topology similar to NBC but with all links reversed – point-
ing from each predictor to a single dependent variable. 

– Causal BN (CBN) – contains causal relationships between variables. 
– Dynamic BN (DBN) – a sequence of CBNs linked together, where each instance 

represents system state at specific point of time. 
When a model is built purely from the data, a learning algorithm produces a CBN struc-

ture. However, it does not ensure creating causal links but rather links, which represent 
strong statistical dependencies. All of those structures can be used to learn parameters from 
the dataset. CBNs, DBNs and, partially, NBCs can be used to incorporate expert knowledge 
in parameter definition. 

A general problem related with developing BNs is their validation. It is often expected 
to validate the predictive model it terms of accuracy of its predictions. To do this testing 
data sample is required. However, BNs are often selected as a modeling technique because 
there is no data of required volume/quality available to build the model purely from the da-
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ta. As a result of this discrepancy many analyzed BNs have not been validated for their ac-
curacy. In some studies where such validation has been performed, the testing data sample 
was very small and comparing their performance with other models may be misleading. 
Among all the BNs summarized in Table 1 only five models from [14], [15] and [20], [21] 
can be directly compared with the current study. We have performed detailed analysis of 
earlier BN models for software effort prediction in recent paper [29]. 

Table 1. Summary of recent BNs for software engineering 

Source Main problem analyzed Model 
type 

Structure 
source 

Parameter 
source 

Validated 
with 

empirical 
data 

[32] types of defects NBC expert data/expert no 
[37] effort, productivity NBC expert data yes 
[38] maintainability NBC expert data yes 
[25] fault content, fault proneness CS expert data yes 
[42] change coupling CS data data yes 
[10] maintenance delays CBN expert expert/data no 
[11] need for requirements review CBN expert expert no 

[13] 
trade-off between: scope, effort, 
quality 

CBN expert expert/data no 

[14], [15] defects, partly: effort 
CBN/ 
DBN 

expert expert/data yes 

[20], [21] web development effort CBN expert/data expert/data yes 
[24] maturity of requirements CBN expert expert/data no 

[30], [31] 
trade-off between: scope, effort, 
quality 

CBN expert expert/data no 

[39] 
various aspects of software 
quality 

CBN expert expert/data no 

[41] testing process CBN expert expert/data yes 
[7] effectiveness of inspections CBN expert expert yes 
[8] defect rate CBN expert data/expert yes 
[2] failures DBN expert data yes 
[4] effort DBN expert unknown no 

[12], [31] defects DBN expert expert no 
[17] project velocity (productivity) DBN expert expert/data yes 

3. Material and Method 

3.1. Material 

In this experiment, we have used an extended version of publicly available dataset [5], 
[14] of 31 software projects from a single company. This extension includes one additional 
predictor – project type. We have investigated four dependent variables: 

– effort – in person-hours, 
– productivity rate (a ratio of effort to project size) – in thousands lines of code 

(KLoC) per hour, 
– number of defects, 
– defect rate (a ratio of number of defects to project size) – as number of defects per 

KLoC. 
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The dataset contains 29 predictors: project size, project type and 27 factors describing 
process and people quality expressed on a 5-point ranked scale (from ‘very low’ to ‘very 
high’). Table 2 lists all variables. 

We have excluded two cases from the original dataset because they did not contain data 
on project size, which is one of the main factors in effort and defect prediction. Additional-
ly, it would not be possible to calculate productivity and defect rates for these projects. Thus 
finally, we have used 29 cases in main analysis. 

Table 2. Variables used in this study 

Name Role1 Type2 Name Role1 Type2 
complexity P R project size P NU 
configuration management P R project type P NO 
customer involvement P R quality of doc. test cases P R 
defect rate D NU quality of documentation P R 
defects D NU regularity of spec&doc reviews P R 
defined process followed P R requirements stability P R 
dev. staff experience P R review process effectiveness P R 
dev. staff motivation P R scale of distr. comm. P R 
dev. staff training quality P R scale of new functionality P R 
effort D NU spec. defects discovered in review P R 
experience of spec&doc staff P R staff experience - indep. test P R 
internal comm./interaction P R staff experience - unit test P R 
no. of inputs and outputs P R stakeholder involvement P R 
process maturity P R standard procedures followed P R 
productivity D NU testing proc. well defined P R 
programmer capability P R vendor management P R 
project planning P R  

1 D – dependent variable, P – predictor 
2 NO – Nominal, NU – Numeric, R – Ranked 

 

3.2. Research Method 

The research procedure followed in this study consists of various steps as illustrated in 
Figure 1. Data preparation involved adjusting categories for project type to ensure at least 
five cases for each category. Then, we have discretized each numeric variable (as required 
by a learning algorithm) into four or five categories. 

Then we have randomly split the dataset into training and testing subsets. Since there is 
no standard for splitting proportions, in this study we have used about 75% (22 cases) for 
model generation and about 25% (7 cases) for validation. In the literature more common are 
67%–33% and 50%–50% splits. However, with such small dataset there was a danger that 
with using even fewer cases for model generation, the predictions would be highly inaccu-
rate and noisy. 

The process of model generation involved both the structure and parameter (probability 
distribution) learning using Greedy Thick Thinning algorithm implemented in Genie [16]. 
At this stage, we have replaced a couple of missing values for predictors by an average val-
ue of given predictor in the learning subset. 

Then we have imported the model to another BN tool, AgenaRisk [1], to perform the 
validation step. Although this could also have been performed in Genie, AgenaRisk has 
been selected because it provides summary statistics for continuous nodes and because of 
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the ability to use yet another tool (developed earlier) based on Agenerisk API, which simpli-
fies batch model testing. The testing phase was a single step, which involved providing pre-
dictions for all four dependent variables at once using a set of predictors. It means that 
defects and defect rate have been predicted without the use of observed effort and productiv-
ity rates. 

 Based on experience with developing earlier models [12], [14], [31] the median of the 
posterior distribution has been selected as the “predicted value” for each dependent variable. 
Experiments with earlier models have shown that the mean of predicted probability distribu-
tion is less accurate for effort and quality prediction. This is because, typically, these distri-
butions are heavily right-skewed, and the mean value is “pushed” more to the right. 

To ensure that the results are not based on a single dataset split, all the steps after data 
preparation have been repeated 10 times – for different random splits of data. 

 

Prepare data

Split dataset
Generate BN

from learning subset

Test BN

using testing subset
Save results

Calculate evaluation measures Perform sensitivity analysisAnalyze evaluation measures

Continue with another data split?

 

Figure 1. Research procedure 

The analysis of results involved calculating measures of predictive accuracy. In this 
study the following popular evaluation measures have been applied: 

– MMRE (mean magnitude of relative error): 
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– MdMRE (median magnitude of relative error): 
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– Pred(l) (prediction at level l) – indicating the fraction of cases for which predictions 
are within ±l percent of actuals: 
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In different studies, the authors have also used other measures like balanced mean mag-
nitude of relative error or mean/median magnitude of relative error relative to the estimate 
[19], [36]. However, their interpretation is less intuitive and we decided not to use them. 

Apart from analyzing predictive accuracy of developed models, this study involved 
identification of factors closely related with the dependent variables. We have done this by 
analyzing Markov blankets for generated BNs. A Markov blanket for a node A is a set of 
nodes which, if they are instantiated (i.e. observations have been assigned to them), are the 
only nodes influencing node A. Thus, it shields a node from the impact of nodes not belong-
ing to its Markov blanket. It can be identified from the BN structure – for a node A it con-
tains: 

– parent nodes for A, 
– child nodes for A, 
– other parent nodes for child nodes for A. 
For each of ten developed BNs, we have identified the most frequent predictors in Mar-

kov blanket for each dependent variable. We have also focused on indentifying the most 
important predictors using another technique – a sensitivity analysis. 

4. Results 

4.1. Accuracy of predictions 

Figure 2 illustrates the values of evaluation measures from each of ten individual sam-
ples/BNs. The values of these measures differ significantly depending on the data sample 
used. This shows that in some samples projects in testing subset have been significantly 
different from projects in training subset. Thus, the patterns for projects in training subsets 
sometimes have not been learnt to a degree that enables accurate predictions for projects 
using testing subsets. A possible reason for this is a high diversity of projects, underrepre-
sented in the dataset, even though they have been developed in a single company. 

Table 3 summarizes the predictions by demonstrating different evaluation measures. Re-
sults of this study have been compared with two earlier studies where BNs have been used 
for: 

– Defect prediction [14] – the authors built the BN structure and defined parameters 
prior to obtaining the dataset (the same dataset as in this study); thus, they used the 
dataset only in model validation; 

– Effort prediction for web development [20] – the authors built various BNs, and then 
validated them against two datasets, each containing data on 65 projects. 

Predictions from BNs generated automatically without expert input do not seem to be 
highly accurate. However, effort and quality prediction is generally a demanding task – high 
predictive accuracy is very rare in the literature, also where other methods have been used. 
This comparison reveals that predictions in this study are respectable – worse than in study 
[14] for defect prediction but significantly better than study [20] for effort prediction. They keep 
the average accuracy in the literature. Yet, the process of achieving them, through automatic BN 
generation, is easy to follow for non-statisticians and free from various constraints. 
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Figure 2. Values of evaluation measures from individual samples/BNs 

Additionally, it should be noted that all four dependent variables have been included in 
the model not in their natural continuous form, but each of them discretized into four inter-
vals. Such reduced precision could have a negative impact on limited accuracy. Further-
more, we have also deliberately discretized project size, the most important predictor for 
effort and defects in many models. The motivation for discretizing project size, apart from 
such requirement by a structure learning algorithm, was that in real projects this size can 
never be precisely known at the early development stage. 



On generating Bayesian nets from small local qualitative data for software development… 129 

 

Table 3. Summary of predictions 

Study and dependent variable 
Evaluation measure 

MMRE MdMRE Pred(25) 
this study:    
effort 0.97 0.60 0.17 
productivity 0.77 0.40 0.27 
defects 2.14 0.79 0.14 
defect rate 0.83 0.53 0.21 
in [14]:    
defects 0.96 0.27 0.58* 
in [20]: dataset 1    
effort (1) 13.97 2.57 0.05 
effort (2) 7.65 1.67 0.08 
effort (3) 36.00 4.90 0.08 
effort (4) 1.90 0.86 0.15 
in [20]: dataset 2    
effort (1) 14.93 6.46 0 
effort (2) 4.09 0.96 0.02 
effort (3) 37.31 8.05 0.02 
effort (4) 27.95 5.31 0.03 
* Pred(30) 

 

4.2. Most important predictors 

Figure 3 illustrates parts of the structures of two best performing BNs. We have nomi-
nated the best performing BNs based on the measure of performance score for each model 
(lower the better) defined as: 
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where i denotes an index for dependent variable (i = 1, ..., 4) and j denotes an index for the 
model generated (j = 1, ..., 10). Although, some generated BNs performed better for a single 
dependent variable, these two BNs performed the best overall, i.e. on average with all de-
pendent variables. To improve the figure clarity, it only contains those variables, which are 
within a Markov blanket for at least one dependent variable. 

These structures are generally different. There are some similarities, for example the de-
pendencies for defects, and partially for effort. However, there are many links in one model 
that do not appear in the second. This again confirms the variability of projects, which are 
not sufficiently represented in the dataset. 

Two dependent variables (productivity rate and defect rate) are defined deterministically 
as the ratio of effort and defects, respectively, with project size. Unexpectedly, a learning 
algorithm has not identified these relationships in the generated BNs, apart from some par-
tial exceptions, like relationship between productivity rate and project size. It may suggest 
that such trivial relationships should rather be identified by experts and encoded in the mod-
el, before learning the main structure from the dataset. 
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Figure 3. Schematics of the cores of two best performing BNs: 

from subset no. 9 (top) and subset no. 1 (bottom) 

Table 4 contains the counts – number of times that each predictor appears in the Markov 
blanket for each dependent variable. This table also lists dependent variables in rows (i.e. as 
predictors) because in some learned BNs they have been in Markov blanket for other de-
pendent variable – for example defect rate as predictor for effort. The other predictors (i.e. 
real ones) have been listed in the order of the decreasing total frequency in Markov blankets 
in all BNs. 

Three predictors (development staff motivation, project size and requirements stability) 
have been the most frequent predictors for dependent variables. Surprisingly, project size is 
a dominating predictor only for productivity rate, and not for effort or number of defects. 
This can be explained by the fact that the variability of project size end effort was generally 
low in the dataset. 

A variable number of defects seem to have strong predictors identified – requirements 
stability appeared in each BN’s Markov blanket and development staff motivation appeared 
in eight of ten Markov blankets. No other dependent variable had such dominating predic-
tors. Yet, it is the number of defects, which had the lowest prediction accuracy among all 
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four dependent variables. The explanation for this might be that, although these predictors 
have been the related to number of defects so often, there might be generally low level of 
correlation between these predictors and defects. This confirms the general difficulty of de-
fect prediction. 

Table 4. Frequencies of factors appearing in Markov blankets for predictive variables 

Factor 
Dependent variable 

effort productivity rate defects defect rate 
effort – 0 1 6 
productivity 0 – 3 0 
defects 1 3 – 0 
defect rate 6 0 0 – 
dev. staff motivation 7 1 8 4 
project size 5 8 2 2 
requirements stability 5 0 10 1 
complexity 3 0 6 0 
project planning 1 4 0 1 
dev. staff experience 0 2 2 2 
vendor management 4 0 0 2 
testing proc. well defined 2 1 0 2 
staff experience - unit test 2 0 0 3 
programmer capability 0 1 0 3 
scale of distr. comm. 1 0 3 0 
configuration management 0 4 0 0 
internal comm./interaction 0 1 2 1 
process maturity 0 2 0 1 
dev. staff training quality 0 3 0 0 
experience of spec&doc staff 1 0 0 1 
customer involvement 0 0 0 2 
stakeholder involvement 1 1 0 0 
spec. defects discovered in review 1 1 0 0 
project type 0 1 0 0 
regularity of spec&doc reviews 0 0 1 0 
scale of new functionality 0 0 0 1 
no. of inputs and outputs 0 0 1 0 
staff experience - indep. test 0 0 0 1 
defined process followed 1 0 0 0 

 
To investigate the impact of the most important predictors on dependent variables we 

have performed a sensitivity analysis. There are various types of sensitivity analyses [6], 
[14], [22], [35], [40]. In this study, we have analyzed the strength of impact of each predic-
tor on each dependent variable in the best overall performing BN. For each predictor we 
have entered observations for each possible state and then we have calculated the model. In 
each calculation run, we have entered only one observation into the model. For each de-
pendent variable we have calculated the range of changes caused by observations for predic-
tors. Figure 4 illustrates these ranges. The wider bar for a predictor indicates its 
proportionally higher impact on dependent variable than for other predictors. 
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Figure 4. Results of sensitivity analysis from best performing BN for each dependent variable 

Some predictors appear to have a high impact on specific dependent variables, although 
these predictors very rarely or never appeared in the Markov blankets discussed earlier. For 
example, project type, which is the fourth most important predictor for effort and second for 
defects, does not appear in Markov blanket in the analyzed best performing BN and ap-
peared in only one Markov blanket in ten generated models. Such situations occur because 
there are strong correlations between dependent variable and a predictor within a Markov 
blanket, and between this predictor and yet another one from outside of Markov blanket. 
Thus, predictors from outside Markov blanket reveal their impact on dependent variable 
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only when predictor within Markov blanket are not instantiated, i.e. do not have observation 
assigned. It shows that a single method for determining most influential predictors may not 
reflect the reality properly. 

We note that the ends of ranges do not indicate the minimum and maximum values for 
dependent variables. Predictions for dependent variables are in the form of probability dis-
tributions but possible ranges are fixed for each dependent variable. As explained earlier, 
also in this sensitivity analysis we have used the calculated median of the probability distri-
bution as the “predicted value”. 

5. Conclusions 
The research method with automatic generation of BNs from empirical data followed in 

this study is easy to use – it does not involve significant data preparation or excessive pre-
liminary analyses as in some other methods. The low volume of data used in model genera-
tion does not allow to exploit these BNs in other environments. Nevertheless, the 
relationships identified during model generation can still be a useful base for further studies. 

The results of this experiment have shown that it is difficult to obtain highly accurate 
predictions from BNs built only from small empirical data. Thus, such automatically gener-
ated model can only be used as a “rough” estimate of the variable under consideration at the 
beginning of the project. They can also serve as general maps of relationships for further 
experiments. 

There are two general approaches, which can be followed to solve the problem of low 
accuracy – both of them require stronger input from domain expert. The first approach as-
sumes that an expert prepares a BN topology while the parameters can be learnt automati-
cally from data. Thus, this approach enables defining relationships between the variables, 
which might have not been discovered by a structure learning algorithm. 

In the second approach, the BN structure and parameters are still learnt automatically 
from available data, but then an expert may adjust parameter definition. This enables solv-
ing the problem arising from the fact that such small local dataset may not be representative. 

Future plans for this research involve investigating the predictive accuracy of other 
methods using the same dataset and similar procedure, where possible. Specifically, this 
includes using another graphical technique, decision trees, generated using various algo-
rithms. Also, part of the current study may be repeated in different setting, with effort and 
productivity assumed to be known, to simulate defect prediction at the end of development 
stage. 
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