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Abstract—Developers’ emotional stability in agile software
development (ASD) teams is an important factor affecting the
success of a project. Traditional Happiness Chart depends on
people’s self-report and is unable to produce predictive anal-
ysis to facilitate decision-making. In this paper, we proposed
a Fuzzy Cognitive Map (FCM) based method for analyzing
ASD developers’ emotional stability. We designed an easy-to-
use survey questionnaire which can help establish the values
of the causal relationship weights to support personalization of
the proposed FCM model. The FCM affective model produces
two metrics for assessing a given user’s emotional stability: 1)
the stable state mood value, and 2) the number of iteration
steps for the FCM model to reach equilibrium. The two metrics
are evaluated through a real-world experiment involving 20
undergraduate students. The results show that they are strong
explanation factors for a user’s emotional stability with 99%
confidence. A regression model based on the user study has
also been presented in the paper to help researchers study the
relationships between the two metrics and a person’s emotional
stability computationally in the future.

I. INTRODUCTION

Human factors are important to the success of agile software
development (ASD) [1], [2]. ASD team members, especially
programmers, are not very keen on expressing their emotions.
Nevertheless, team members have emotions. During the devel-
opment process, their emotional states can be affected by many
factors, such as work expectation, delays, quality of software
artifacts, etc. The changes in emotion, in return, further affect
the software development processes and the results.

In real-world projects, practitioners are starting
to take note of this and attempt to use the
Happiness Chart (http://agiletrail.com/2011/09/12/
how-to-track-the-teams-mood-with-a-niko-niko-calendar/)
to monitor team members’ daily mood and encourage
emotional openness within the team. An obvious issue with
this approach is that it is difficult to know whether one
developer’s mood will be influenced by the emotions written
down by another developer. Other important aspects include
accuracy, authenticity, and congruence etc. are also not
considered in the method.

In this paper, we investigate the impact of ASD team
members’ mood stability which has been found to be im-
portant for learning, task performance [3] and building trust

[4], [5], [6]. We propose a Fuzzy Cognitive Map (FCM)
based method of mood analysis. To enable personalization
of the proposed FCM model, we also propose an easy-to-use
survey questionnaire which can help establish the values of the
FCM causal relationship weights. The FCM affective model
is capable of computing two metrics for a given user: 1) the
stable state mood value in the range of [0, 1] (with 0 indicating
very low mood and 1 indicating very high mood) and 2) the
number of iterations for the FCM model to reach equilibrium.

To evaluate the explaining power of the two metrics of the
proposed FCM affective model, we conducted the a real-world
experiment involving 20 undergraduate students formed into
ASD teams in Beihang university, China. The results show
that the two metrics are strong explanation factors for a user’s
emotional stability with 99% confidence. A regression model
based on the user study has also been presented in the paper
to help researchers study the relationships between the two
metrics and a person’s emotional stability computationally.
The proposed method is a promising approach for analyzing
ASD team members’ moods.

II. RELATED WORK

Emotions in human communication process are very impor-
tant for perception, decision-making, interaction, and intelli-
gence. Modelling and analyzing ASD team members’ mood is
essential to reducing the impact of developers’ mood swings
on the development process. However, there is few research
work currently focused on this direction. In this section, we
first discuss the general research field of affective computing,
and then focus on affective modelling in ASD.

A. Affective Computation Models

The Ortony, Clore and Collins (OCC) model [7] is the most
widely adopted affective model. It regards emotions as the
results of the following three types of subjective appraisals:

1) The pleasantness of the consequences of events with
respect to the agent’s goals: emotions that we call goal-
based or event-driven emotions will be stimulated by va-
lenced reactions to consequences of events and appraised
by agents’ internal goals, including “happy-for”, “resent-
ment”, “gloating pity”, “hope”, “fear”, “satisfaction”,



“fears-confirmed”, “relief”, “disappointment”, “joy” and
“distress”;

2) The approval of the actions by the agent itself or another
agent with respect to a set of behavior standards:
emotions that we call standard-based or agent-driven
emotions will be stimulated by valenced reactions to
actions of agents and appraised by agents’ internal
standards, including “pride”, “shame”, “admiration” and
“reproach”;

3) The liking of objects with respect to the attitudes of the
agent: emotions that we call attitude-based or object-
driven emotions will be stimulated by valenced reactions
to aspects of objects and appraised by agent’s internal
attitudes, including “love” and “hate”.

In general, emotions are affected by both internal and
external factors. Internal factors include goals, preferences and
attitudes, whereas external factors include events, conditions
and other objects in the environment.

Based on the OCC theory, a probabilistic model that assess-
es student emotions during a game was proposed in [8]. The
model can predict a player’s emotional state by assessing the
player’s appraisal of interactions with the game, in light of the
player’s goals and personality. In [9], an emotional agent was
proposed for a serious game based on the Goal Net model
[10]. The agent’s emotions are modeled by the OCC model
powered by an FCM inference engine. Composite emotions
from players of a game have also been studied in [11], [12],
[13], [14], [15], [16]. The results provide researchers with
regression models to infer player emotions based on their
observed behaviour in a competitive game environment.

B. Emotion Models in Agile Software Engineering

An ASD team consists of different roles and people’s emo-
tions may significantly affect the outcome of their activities,
including those activities in the software development process.
The team leader knows that the emotional status of members
will affect their tasks and artifacts, but human’s emotions and
their transition are too complex to observe and control [17].

In [18], the authors attempted to use the affect grid psycho-
logical tool to characterize emotions in software requirement
engineering. Their results revealed that emotions were key
issues in software development activities, and the importance
of emotion management in software development life-cycle
is important as software development is a human activity.
Knowing the emotional state of the development team helps
the project manager to create a conducive environment or
implement suitable incentives for the team to avoid the effects
of undesirable emotions. However, there is current a lack of
computational affective models suitable for use in ASD.

III. PRELIMINARIES

According to the OCC theory, we know that a developers’
mood or emotion is affected by specific events, conditions or
other situations in the ASD process. Therefore, we want to
build an affective model for ASD team members to simulate
interactions between development activites and developers’

moods. During our survey, we found modelling and com-
putational capabilities of Fuzzy Cognitive Maps (FCMs) are
suitable for building a causal relationship model for the ASD
process. This may provide the agile team the ability of viewing
emotional state transitions and changes during the process. In
this section, we will first introduce the basics of FCMs.

An FCM is a fuzzy-graph structure for causal reasoning. It
was developed from the concept of a Cognitive Map (CM)
[19]. CMs were used to model a system with concepts and
cause-effect relationships. The relationships can be divided
into three types: 1) positive, 2) negative, or 3) neutral. CMs
can be drawn as a directed graph, the nodes corresponding
to relevant concepts/variables in the given domain, and the
directed edges denote the relationships between two con-
cepts/variables. The type of a relationship is denoted by a
sign associated with the edge. A positive sign indicates a
positive relationship with a promoting effect. This means that
an increase in the value of the start concept value will lead
to an increase in the value of the end concept. Similarly, a
negative sign means a negative type with the inhibiting effect.
This means an increase in the value of the start concept
leads to a decrease in the value of the end concept. No
connection between two concepts means that the two concepts
are independent from each other.

CMs have two main drawbacks: 1) they do not allow
feedbacks; 2) the relationships are binary. Therefore, the use
of cognitive maps to model complex systems is infeasible. To
tackle them, the Fuzzy Cognitive Maps (FCMs) were proposed
as an extension. Compared to CMs, FCMs have two significant
enhancements:

1) Causal relationships between concept nodes in an FCM
are fuzzified. This character enriches the description
of the links by numerical value instead of only using
positive, negative and no connection. It allows various
degrees to denote different causal influences.

2) FCMs are models for expressing dynamic systems.
FCMs can evolve with time, and allows feedback mech-
anisms. Specifically, the effect of changing the value of
one concept node in the model may change the values
of other concept nodes, and the change could loop back
to the original node in subsequent time steps.

The strength of relationship between two FCM nodes takes
on any value in the [−1, 1] range. A value of −1 represents the
fully negative causal effect, whereas +1 means a fully positive
causal effect. Zero denotes no causal effect. Other values
denote different fuzzy levels of causal effect. The knowledge
of system relationships can be described by a matrix, called the
connection matrix. Each cell of this matrix stores a value of a
corresponding relationship. The commonly used convention is
to place the start nodes in rows and the end nodes in columns.

For example, considering a system with N concept nodes,
we have an N×N matrix representing the FCM. The elements
in the matrix are the strengths of the causal relationships. Any
one state of the system can be determined by one state vector,
which specifies the current values of all system concept nodes.
The FCM iteratively updates the state of the system. In one



iteration, the value of each node is calculated based on the
current values of every node exerting influence on it through
its causal relationship. After multiplying these values by the
edge weight between the two nodes, the sum of these products
is taken as the input to a transformation function, which is used
to reduce the unbounded inputs to a certain range.

The value of each node in any iteration is computed from
values of nodes in the preceding state, using the following
equation:

Nj(k + 1) = f

(
n∑

i=1

eijNj(k)

)
(1)

where Ni(k) is the value of the ith node in the kth iteration;
eij is the edge weight between nodes Ni and Nj ; n is the
number of concepts in the FCM; and f(·) is the transformation
function. Three types of transformation functions are common-
ly used. They are the binary, trivalent and sigmoid functions
[20]:

1) Bivalent function

f(Ni(k)) =

{
1 , Ni(k) ≤ 0
0 , Ni(k) > 0

(2)

2) Trivalent function

f(Ni(k)) =

 −1 , Ni(k) ≤ −0.5
0 , −0.5 < Ni(k) < 0.5
1 , Ni(k) ≥ 0.5

(3)

3) Sigmoid function

f(Ni(k)) =
1

1 + e−cNi(k)
(4)

The final results of a simulation performed with FCM
strongly depend on the transformation function. If we use
the function which results in binary values, the simulation
of a FCM system leads to either fixed state pattern of node
values (which is called hidden pattern or fixed-point attractor)
or a cycling between several states (which is known as the
limit cycle). If we use a continuous-output transformation
function, the simulation may result in a different outcome. The
system may continue to produce different state vector values
for successive cycles. In this case, this unstable situation is
called a chaotic attractor [21].

The FCM theory has been applied in many domains for
more than two decades to model systems or environments with
complex causal relationships. These domains include software
project management [21], software quality risk analysis [22],
software education [23] and agile software development [24].

IV. THE PROPOSED METHOD

A. Method

As FCM theory and method can be used to build causal
relationship models for complex systems or processes, we will
use it to build affective models for ASD teams, and then use
their computational functionality to simulate the interactions
between development activities and human moods.

According to OCC theory, external events or activities can
affect developers’ emotion or mood. Therefore, events (and

event results) and developers’ mood will be incorporated into
the proposed model. Our method includes the following steps:

• Step 1: The team manager designs a general emotional
FCMs model for all team members. The concept nodes
will include developers’ mood, external events/activities
and their results. There are two ways to determine the
weights between concepts: 1) self-reports by members,
and 2) based on members’ past behaviour records.

• Step 2: The system executes the FCMs to reach the
equilibrium state for each team member. The final state
can be treated as a developer’s personalized mood level,
and the time to reach the state can be used to assess the
developer’s capability for mood control.

• Step 3: The system monitors the changes at the early
stage (when the node values change rapidly), and how
many iterations the model takes to reach the equilibrium
state for each individual.

• Step 4: The system shows a comparison score list to help
the team manager predict who will be the most suitable
candidate to handle a given ASD activity.

To simplify the model, we consider their complex personal
emotions as one comprehensive mood factor. According to
common ASD experience and ignoring other factors, the
causal relationships between developer’s mood status, progress
of task execution and quality of task execution during de-
velopment process are shown in the FCMs in Figure 1(a).
The general model presents the relationships that are essential
during an ASD process, which consists of three concept nodes
as follows:

• C1: Worker’s Mood Status (called “Mood” for short)
reflects the comprehensive feelings to an event or an event
result. The mood value can include “high”, “medium” and
“low” or finer granularities. They affect or are affected
by the results of task executions. The mood values can
be acquired by the AffectButton [25] and then normalized
in a range of [0, 1].

• C2: Task Execution Progress (called “Progress” for short)
can be interpreted as a relative comparison concept for
the task execution progress. Its value can be calculated
by the ratio of actual task completed time to estimated
task completed time, and then normalized into a range of
[0, 1].

• C3: Task Execution Quality (called “Quality” for short)
can be interpreted as a relative comparison concept for
artifact quality after task execution. Its value can be
acquired through a rating assessment by other team
members, and then normalized into a range of [0, 1].

The casual relationships between nodes are represented by
directed edges with fuzzy weights based on human experience
acquired through questionnaires.

B. Illustrative Examples

To illustrative the proposed method, we look into two
fictitious developers, “Michael” and “Grace”. From the FCM
model (Figures 1(b) and 1(c)), we can see the mood of the
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(c) Developer Grace’s model

Fig. 1. The proposed general developers’ FCM model.

developer who picks up the task has positive effect on the task
execution progress (an edge weight of 0.2 from C1 to C2 for
Michael; and an edge weight of 0.7 from C1 to C2 for Grace).
This means the progress of task execution will be good when
the developer’s mood status is at a high level. Meanwhile, the
task execution progress also positively influences developers’
mood (an edge weight of 0.3 from C2 to C1 for Michael; and
an edge weight of 0.5 from C2 to C1 for Grace). This means
developers mood is low when the task is delayed and vice
verse. This conforms to the common sense in real projects.

Furthermore, the developers’ mood positively impacts the
task execution quality (an edge weight of 0.1 from C1 to C3
for Michael; and an edge weight of 0.3 from C1 to C3 for
Grace). On the other hand, the increase in quality can lead
to higher mood among the developers (an edge weight of 0.3
from C3 to C1 for Michael; and an edge weight of 0.6 from
C3 to C1 for Grace). Generally, good task execution progress
also leads to high quality (an edge weight of 0.2 from C2 to
C3 for Michael; and an edge weight of 0.2 from C2 to C3
for Grace). High quality software with fewer bugs will make
the overall progress faster (an edge weight of 0.2 from C3 to
C2 for Michael; and an edge weight of 0.2 from C3 to C2
for Grace). The strengths of the relationships were established
based the developers’ personal experience.

The FCM-based model for Michael can be presented in a
matrix:  0 0.2 0.1

0.3 0 0.2
0.3 0.2 0

 . (5)

The matrix for Grace’s FCM model: 0 0.7 0.3
0.5 0 0.2
0.6 0.2 0

 . (6)

Next, simulations are run based on the FCM models.
The starting vector is denoted as Iteration #0. Each state
vector consists of three numbers, which correspond to the
conceptual nodes Mood (C1), Progress (C2), and Quality
(C3). The simulation begins with the start state vector Iteration
#0 = (0.5, 0, 0) for both developers, which represents a
situation in which Mood is active and set at a medium value
of 0.5, and other concepts are inactive (i.e. the developer
has not yet started to work). As the simulation continues,
successive values of the nodes show trends which occur with

the progressing time. By analyzing the states of the nodes in
the simulation process, observations obtained and analyzed.

The simulation was carried out using the logistic sigmoid
function as a threshold function, which is a continuous-
output transformation function and thus provides true fuzzy
conceptual node states. We mainly want to see the comparative
results between two developers, so the constant c can be set
to a common number 5.

For Michael, the model reaches equilibrium at
Iteration #14 = (0.92058, 0.846519, 0.786979). For
Grace, the model reaches equilibrium at Iteration
#7 = (0.994717, 0.987922, 0.922728). Figure 2 shows
the results of Michael’s model in a plot, and Figure 3 shows
the results of Grace’s model in a plot.

This model describes state change trends in a task develop-
ment activity. It characterizes a situation when a worker starts
to do a task. Successive states of the modeled system show
changes in concept node values, which represent workers’
mood and task execution aspects. The final state achieved by
the model shows concept nodes in equilibrium states. This
can be considered as the prediction by the model on the likely
outcomes of the development activities and the developers’
mood.

The first iteration (#1) shows the beginning of execution of
the ASD activities. As time goes by, the workers’ mood and
quality of work increase rapidly at first. At iteration #1, the
workers need some time to familiarize with the new task and
environment. Therefore, their progress was not fast and mood
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Fig. 2. Results of Michael’s first model.
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Fig. 3. Results of Grace’s first model.

is not high. After this period, the mood value increases and
then stays at a stable level, especially for Grace. For Michael,
after the quality reaching the highest value at Iteration #12
and the progress reaching the highest value at Iteration #11,
the mood reached the equilibrium value at iteration #14. For
Grace, before the quality reaching the highest at Iteration #7,
the mood and the progress both reach the highest values at
Iteration #6 and then stay at the equilibrium. This result shows
that the Grace needs less time to reach the stable state, and
her final state performs better than Michael.

V. EMPIRICAL EVALUATION

We have engaged 20 undergraduate software engineering
students taking the ASD course in our user study. Each student
completed the questionnaire so that the proposed model can be
personalized to each of them. The students form into 4 ASD
teams of 5 people each to work on coursework projects span-
ning over 8 weeks. We have interviewed the course instructors
about the students’ emotional stability characteristics based on
their observations throughout the coursework projects. They
provided ratings on each student i’s emotional stability, ESi,
on an 11-point Likert scale [26] (0-10 with 0 representing
“very poor emotional stability” and 10 representing “very
good emotional stability”). The instructor provided ratings are
treated as the ground truth in this user study. The distribution
of the 20 students’ stable state mood values against the number
of steps taken to reach equilibrium as calculated by the
proposed FCM model is shown in Figure 4(a).

Let i denote a student. Firstly, we study the correlation
between the students’ stable state mood (Mi) and the number
of iteration steps (Si) taken to reach the equilibrium state
according to the proposed FCM model with the instructors’
ratings on their emotional stability (ESi). Figure 4(b) shows
the distribution of Mi against ESi for all i. The correlation
coefficient between Mi and ESi is 0.6996, indicating a strong
positive correlation. Figure 4(c) shows the distribution of Si

against ESi for all i. The correlation coefficient between
Si and ESi is -0.9383, indicating a very strong negative
correlation. Thus, among the two metrics proposed in this

TABLE I
REGRESSION ANALYSIS RESULTS

Constants Coefficient Std. Error p-value
α1 5.818*** 1.543 0.00152
α2 -0.753*** 0.072 8.63× 10−9

β 8.781*** 1.911 0.00026
Note: ***: p < 0.01.

study, Si shows stronger explanation power for a person’s
emotional stability than ESi.

Based on the study results, we investigate the following
regression model which can be used to estimate a person’s
emotional stability based on results produced by the proposed
FCM method:

ESi = α1Mi + α2Si + β. (7)

α1 and α2 are the linear regression coefficients, whereas β is
the y-axis intercept value.

Based on the analysis of the 20 study participants’ data,
the regression analysis results are shown in Table I. It can be
concluded that the stable state mood Mi and the equilibrium
steps Si of the proposed method can be used as explanatory
factors for a student i’s emotional stability ESi in the context
of ASD with 99% confidence.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed a Fuzzy Cognitive Map (FCM)
based method for analyzing an important and difficult to
measure concept involved in ASD - a developer’s emotional
stability. We designed an easy-to-use survey questionnaire
which can help establish the values of the causal relationship
weights to support personalization of the proposed FCM model
for each individual user. The FCM affective model is produces
two metrics for assessing a given user’s emotional stability,
which is important to the progress and quality of a software
project. They are: 1) the stable state mood value, and 2)
the number of iteration steps for the FCM model to reach
equilibrium. The two metrics are evaluated through a real-
world experiment involving 20 undergraduate students. The
results show that the proposed metrics, especially Si, are
strong explanation factors for a user’s emotional stability with
99% confidence. A regression model based on the user study
has also been presented in the paper to help researchers study
the relationships between the two metrics and a person’s
emotional stability computationally.

From this work, we see a series of interesting future research
directions. In this work, we are currently using the basic FCM
model. However, there are many sophisticated FCM models,
such as [27], which helps reduce human intervention at various
stages. In subsequent research, we plan to look into these
models to improve the proposed FCM affective model. As
the current user study involved only 20 subjects who are
all undergraduate students, we refrain from generalizing our
findings. In the future, we will conduct larger scale empirical
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Fig. 4. Empirical Findings.

studies involving subjects with more diverse backgrounds to 
improve the generalizability of the results obtained.
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