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Abstract: Currently, little is known about how much the sequence in which software
development tasks or projects are estimated affects judgment-based effort estimates. To gain
more knowledge, we examined estimation sequence effects in two experiments. In the first
experiment, 362 software professionals estimated the effort of three large tasks of similar sizes,
whereas in the second experiment 104 software professionals estimated the effort of four large
and five small tasks. The sequence of the tasks was randomised in both experiments. The first
experiment, with tasks of similar size, showed a mean increase of 10% from the first to the
second and a 3% increase from the second to the third estimate. The second experiment showed
that estimating a larger task after a smaller one led to a mean decrease in the estimate of 24%,
and that estimating a smaller task after a larger one led to a mean increase of 25%. There was
no statistically significant reduction in the sequence effect with higher competence. We
conclude that more awareness about how the estimation sequence affects the estimates may
reduce potentially harmful estimation biases. In particular, it may reduce the likelihood of a

bias towards too low effort estimates.
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1.  Introduction

Frequently, software professionals are required to estimate the effort needed to complete a set
of software tasks. The set of software tasks to be estimated can be a larger set of activities or
deliveries described in a project work breakdown structure (WBS) [1], a set of tasks to be
completed for the next software release [2], or a set of user stories to be estimated in an agile
planning poker session [3]. When estimating the effort required to complete a set of tasks,
which is typically done through expert judgment [4], decisions on the sequence in which they

are estimated must be made.
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The research questions addressed in this paper are related to how much, if at all, the
estimation sequences affect, and potentially bias, the effort estimates. Are there, for example,
sequences that bias effort estimates towards lower estimates, and, does it matter whether an
estimate of a larger task is given just after a smaller or just after a larger task? The research
questions are, amongst others, motivated by the empirical findings documenting sequences
effects leading to biased judgments in other domains. We know, for example, that people’s
judgments may be affected by judgments made immediately before [5], and that prior
judgment may act as an “anchor” making the prior and subsequent judgements more similar
[6]. The research questions are also motivated by the belief that knowing more about the
presence and nature of sequence effects in software development effort estimation may be
useful to guide the estimation work. In particular, it may be useful to guide the estimation
sequences to avoid biases towards strong under-estimation, given the tendency towards too

low effort estimates in software development [7].

We are not aware of any guidelines or reported experience, and there is only limited empirical
research on whether some effort estimation sequences are better than others in terms of

avoiding estimation bias and lower risk of too low effort estimates.

The remaining part of this paper presents related work on the sequence effects in judgments,
including relevant theories and explanations regarding potential underlying mechanisms
(Section 2). Based on the related work, we formulate three research hypotheses (Section 3).
The following sections (Sections 4 and 5) present two empirical studies addressing the
hypotheses. Finally, we discuss the results, including their limitations and implications

(Section 6) and conclude (Section 7).

2.  Related Work on Sequence Effects

Sequence effects in people’s judgments have been studied for decades, and there are
numerous competing explanations and descriptive models. Research studies suggest that
sequence effects may occur because prior judgments are used as references in comparison-
based judgments, because the prior judgment influences what is recalled of experiences, and

because the prior judgments influence the judgment process itself [8].



The nature of the sequence effects varies between contexts. Professional judges’ evaluations
of gymnasts’ performance in the 2004 Olympic Games were, on average, higher when the
evaluated gymnasts performed after a gymnast with high scores and lower when they
performed after a gymnast with relatively low scores [9]. The opposite sequence effect was
discovered for oral examinations, where oral examinations conducted after a student who got
a good grade led to lower grades, whereas examinations after a student who got poor grades
led to higher grades [10]. The first effect, when a judgment is biased towards becoming more
similar to the previous one, is called an assimilation effect, while the second effect, when a
judgment conducted immediately after a previous judgment is biased towards becoming more
different than the previous one is called a contrast effect [8, 11]. The domination of the
contrast or assimilation effects seem to depend on the context, and there may be more than

one mechanism involved in both types of effects [12, 13].

Notice that assimilation and contrast effects, which are the sequence effects we focus on in
this paper, are only terms used to describe two types of sequence effects. They do not aim to
explain or present the underlying mechanisms for the observed bias towards judgements
becoming more similar or more different when judgments are completed in sequence. For that
purpose, we need supporting theories and mechanisms. Below, we present briefly a selection
of what we believe are the most prominent mechanisms and theories underlying sequence

effects.

2.1 Contrast Effects: Time Order Error and Feature Matching Theory

The first report on sequence effects on judgments is by Gustav Fechner in 1860 [14]. He
observed that when people tried to judge the heavier of two objects by lifting them in
sequence, the weight of the one lifted later tended to be more frequently assessed as heavier
when actually being lighter or the same weight. He described this phenomenon as a
‘remaining effect’ (Nachdauer) of the first on the second judgment. This type of temporal
sequence effect, which in psychophysics is called a time order error, has been observed in
several experiments on the judgment of physical stimuli such as loudness, brightness, taste,
duration, and number of objects [15]. Most often, similar to the initial study by Fechner, the
second object tends to be overestimated relative to the first. This effect means, amongst other
things, that when comparing the weight of two objects of the same weight, people tended to
think that the second one was the heaviest. The results on the time order error are robust, but

there are competing explanations.



Psychophysical theories explain the effect, amongst others, in terms of the differential
weighting of successive stimuli and as the blending of the prior stimulus into the current one

[15].

A theory from psychology that explains the contrast effects is the feature matching theory
[16]. This theory posits that when comparing a target with a reference, we tend to focus more
on identifying the unique characteristics of the target and less on those of the reference.
Assume, for example, that we first estimate the effort required to complete task A and then
the effort required to complete task B, and that tasks A and B are similar in the effort
required. According to the feature matching theory, people will perceive task B (the target) to
have more unique features than task A (the reference) and are more likely to judge it to

require more effort.

2.2 Assimilation effects: Anchoring

The anchoring effect is one of the most robust and best-documented cognitive biases. It
occurs when judgments are preceded by a presented or self-generated value (the anchor
value). The anchor value tends to affect the subsequent judgement so that it gets more similar
to the anchor value, and this way it enables an assimilation type of sequence effect.
Anchoring effects are known to be present even when participants are explicitly informed

about their presence or when it is obvious that the anchoring information is irrelevant [17].

Researchers have established the presence of the anchoring effect using many different types
of judgments and anchors [18], including those found in important real-world judgements
such as sentencing decisions of judges in criminal trials [19], and estimates of property values
by real estate agents [20]. Anchor values such as the presentation of a very low effort estimate
suggested by a technically incompetent client before requesting an effort estimate have also
been documented to affect software development effort estimates [21-24]. This suggests that,
more than the content of the anchoring object or task, the value (the number) itself is essential
to create anchoring effects [25]. The results reported in [9, Study 1, 26] suggest that the
assimilation effect owing to anchoring does not arise from the immediately preceding
judgment only, but may also be affected by judgments earlier than that.

Similar to the time order error, the anchoring effect results are robust, but with little

agreement regarding its explanation. The scale distortion theory reported by Frederick and



Mochon in [27], proposes that the anchoring effect occurs because of a shift in the
interpretation and the use of response scale. According to this theory, a low effort estimate
(low number) of a previous small task will influence people to feel that high estimates (high
numbers) for a subsequent larger task are higher than normal because they are large compared
to the previous estimate. Consequently, they will select a lower estimate (lower number)
compared to situations where the preceding and current tasks are similar in size. For example,
if a previous smaller task is estimated to require five hours, then an estimate of 100 hours of
the subsequent larger task seems higher than otherwise and a lower number (such as 80 hours)
may instead be provided as the effort estimate. If the preceding task were much larger than
the one to be estimated, the opposite would occur. In that case, a low estimate (low number)
seems very low, and higher effort estimates than otherwise are selected for the task. The scale
distortion theory consequently predicts that estimating a larger task after a smaller one would
lead to lower estimates and estimating a smaller task after a larger one would lead to higher

estimates.

Strack and Mussweiler's selective accessibility model, see [28], states that the anchor value
makes knowledge consistent with the anchor value more accessible, and, consequently, more
likely to be used in the subsequent judgement through a process of confirmatory hypothesis
testing. For example, estimating the effort necessary for a small task makes the knowledge
about smaller tasks more accessible because this knowledge has been used (activated)
recently. Therefore, the knowledge about smaller tasks is more likely to be used when
estimating a subsequent larger task and influences its effort estimate downwards towards that

of smaller tasks.

The initial explanation of the anchoring effect was that people used an anchoring-and-
adjustment heuristic, i.e. they started with the anchor value and adjusted, typically
insufficiently, for the difference between the anchor and the target value. In this manner, i.e.
by insufficient adjustments away from the anchor, an assimilation type of sequence effect is
created. This explanation has little support for externally induced anchors; however, it

receives some support for some types of self-generated anchors [29].

2.3 Judgment-based Effort Estimation
It is known from several studies that software developers’ effort estimates are not always fully

rational and unbiased, and that they may be affected by irrelevant and misleading information



presented before the estimation work, see for example [30, 31]. Additionally, studies from
psychology suggest that previous judgments tend to be used as references for the judgment
following it, and consequently affect it, see for example [5, 32]. For example, in a set of
psychology experiments, participants were asked to estimate the effort necessary in different
tasks, such as building a toy castle or solving the tower of Hanoi problem [25, 33, 34]. The
experiments observed consistently higher effort estimates when a task was preceded by the
estimation and completion of a larger task and lower estimates when the task was preceded by
the estimation and completion of smaller tasks. Similarly there are software development
results suggesting that effort estimates of a medium large task tend to be higher when
produced immediately after the estimation of a larger task instead of a smaller one [35], and

that effort estimates of the second of two similarly sized tasks tend to be higher [36].

The relation between sequence effects and task completion competence is not clear. While the
results reported in [37-39] suggest that sequence effects are smaller when the task competence
is high, the results reported in [35, 40, 41] suggest no or only modest connections between

competence and sequence effects.

3. Hypotheses

The hypotheses to be tested, motivated by the related work in Section 2, are as follows:

H1: Estimating the effort of a software development task after a similarly sized task tends to

increase its estimate, i.e. produce an effort-increasing contrast effect.

H2: Estimating the effort of a software development task after a substantially differently sized
task tends to make the estimate more similar to the previous task, i.e. produce an assimilation

effect.

H3: The contrast and assimilation effects described in hypotheses H1 and H2 increase in

strength with decreased task competence.

Notice that Hypothesis H2 implies that estimating the effort necessary for a software
development task after a smaller task tends to decrease its estimate, whereas estimating the

task after a /arger task tends to increase its estimate.



The two experiments that are part of this paper test the above hypotheses. In addition, they
enable us to evaluate the validity of and extend the prior results on sequence effects in
software development effort estimation contexts, as reported in the two studies [35, 36].
These two prior studies analysed the effort estimation sequences of only two tasks and were
conducted with relatively few observations. The studies reported in this paper extend those
studies with longer sequences of effort estimates and with larger sample sizes. In addition, the
results reported in this paper include findings on to what extent task specific competence, and

not only general software development competence, moderates the sequence effects.

4.  Study A: Estimation of similarly sized tasks

4.1 Participants

We recruited 373 software professionals from five East European and seven Asian
outsourcing companies.? All the participants were required to have at least a bachelor’s degree
in computer science or similar study programmes and at least six months of software
development experience. 41% of the participants had a master’s and 59% a bachelor’s degree.
Their degrees were mainly in computer science or computer engineering (72%) but were also
in information systems, management or economics (7%), mathematics or physics (6%),
electronics or engineering (5%), and other areas (10%). The participants had a mean age of 26
years and a mean of three years of software development experience. Thirty-nine per cent of
the participants had experience as project managers. Females comprised 14% of the
participants. The companies were paid their regular hourly rate for the work of their

employees.

4.2 Study design

The participants were informed about the content of the study and that its main purpose was
to gain knowledge about how to improve effort estimation work. They were not informed that
we would analyse sequence effects in their effort estimates. The participants were provided
with a leaflet with instructions and information about the effort estimation tasks, with the

instruction not to look at the next page of the leaflet before the task on the current page was

2 Our analyses are based on the same data set; however, without overlap in analyses, the one reported in
[30].



fully completed. They were also informed that their answers were strictly confidential, and
nobody would be able to identify them or their company from the research reports. The first
part of the leaflet instructed them to report information about themselves, such as age, gender,
and self-assessed software development competence. In the second part of the leaflet, they
were required to estimate the effort they would need, assuming that they performed all the
work themselves and used the tools and programming languages they knew best to develop
three different software systems:?

e Photo: Adding photo functionality to an existing platform for e-dating.

e Ticket: Adding bulk ordering functionality to an existing ticket ordering system.

e Nurse: Development of a simple time shift system for hospital nurses.

The specified systems vary in the type of functionality to be developed. Based on the mean
and median values of the effort estimates provided by other developers on the same tasks in
prior experiments [40, 42], we expected that the systems would result in similar estimates
with median values of approximately 100 work-hours. The sequence of presenting the

systems was randomised for each software professional.

Of the 373 software professionals, 11 did not provide complete responses, thereby, leading to
a total of 362 participants and 362 x 3 = 1086 estimates. The lack of complete responses was
partly because of the respondents’ perceived lack of competence in at least one of the tasks

and partly as a result of them forgetting to complete an estimation task.

4.3 Results
Analogous to the previous estimation experience with the tasks, the mean and median effort

estimates of the three tasks were quite similar, as seen in Table 1.

Table 1: Mean and median estimates of the tasks

Task (n=362) Mean (hours) Median (hours)
Photo 168 80

3 The requirement specifications of the systems can be provided by the corresponding author on request.
There were variations in the instructions regarding the estimation work used to test cultural differences in
estimation biases. These variations were not about the actual work to be, and given the randomized sequence and
treatments, they were not a threat to the validity of the analyses of the direction of the sequence effects.



Ticket 154 100
Nurse 165 98

For the purpose of evaluating the presence of a sequence effect in the effort estimates, we ran
a linear mixed model with the logarithm of the estimated effort (InEst) as the response
variable, company and participant (nested in company) as random intercepts, and estimation
task (nurse, photo, ticket) and sequence (whether a task was estimated as first, second, or
third) as dummy-coded fixed variables. The logarithm (InEst) was used because the
distributions of the original effort estimates were strongly right-skewed. The log-
transformation made the estimation variables close to normally distributed. The use of the
logarithm had as a consequence that, when back-transforming the mean estimates to the
original scale, we obtained the geometric instead of the arithmetic mean. The variance
estimation was based on the restricted maximum likelihood, and the tests of fixed effects used
the Kenward-Roger degrees of freedom approximation. The model produced close to

normally distributed conditional residuals.

Table 2 lists the model parameters, whereas Table 3 lists a test of the sequence effect and the

back-transformed mean values of InEst.

Table 2: Mixed model parameters

Fixed Variable Categories Coefficient 95% CI
effects Intercept 4.57 [4.41; 4.73]
Task Photo -0.10 [-0.15; -0.05]
(Nurse is the reference) Ticket 0.06 [0.01; 0.11]
Sequence (The third task is First -0.07 [-0.12; -0.02]
the reference) Second 0.02 [-0.03; 0.07]
Random Variable Variance Percent of total variance
effects Company 0.04 4%
Participant 0.64 62%
Residual 0.35 34%

Table 3: Test of sequence effects

Item




Sequence F-value 4.23, p-value = 0.015
Mean estimates of the first, First task: 89 hours (InEst=4.49)
second, and third tasks back- Second task: 98 hours (InEst=4.59)
transformed from InEst.* Third task: 101 hours (InEst=4.62)

As seen in Table 3, the sequence of the tasks had a statistically significant effect on the
estimated effort. There was a 10% increase (from 89 to 98 hours) in estimates from the first to
the second task, and a 3% increase (from 98 to 101 hours) from the second to the third task.
Both differences in estimates were in the expected direction and support hypothesis H1, i.e.,
that estimating the effort of a software development task after a similarly sized task tends to
increase its estimate. The results also suggest that the contrast effect may be mainly from the
first to the second estimate, i.e., an initial sequence effect, and not so much from the second to

the third task.

To test the effect of task competence on the sequence effect (hypothesis H3), we extended the
linear mixed model with the variable self-assessed competence (DevComp) and the
interaction between the Sequence and DevComp (Sequence x DevComp). DevComp was
categorised as ‘High’ if the developer assessed themselves as having ‘Very high’ or ‘High’
development skill (n=277) and as ‘Low’ if having ‘Average’, ‘Low’, or ‘Very low’
development skill (n=83). Low self-assessed competence did have a statistically significant
(F-value of 8.59, p=0.004) main effect on the effort estimates; however, the interaction effect
between competence and sequence was low and not statistically significant (F-value of 0.22,
p=0.80), i.e., the sequence effect was not very different for the two competence groups. This
lack of interaction effect is visualized by the nearly parallel lines in Figure 1. Consequently,
the data does not support hypothesis H3. Those with high competence seem to be affected

similarly by the effort estimation sequence compared to those with less competence.

Figure 1: Interaction plot of InEst

* The back-transformed means (geometric means) will be close to the median values (Table 1) in the
original effort estimation distribution if the log-transformed effort distribution is close to normal, which is the
case in this study.
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Self-assessed general competence in software development may not be a good indicator of
competence in solving the particular tasks to be estimated. It may also be that the inclusion of
software professionals from different cultures, possibly with different self-assessment
standards, reduced our ability to find competence effects. In study B, we decided to include a
more task-specific competence measure and software professionals from only one region

(East Europe).

5.  Study B: Estimation of differently sized tasks

5.1 Participants

Two software companies located in two different East European countries (companies A and
B) were contacted and asked to provide Java developers with at least half a year of Java
development experience to participate in the study. To include a variety of competence levels
and reduce the risk of a non-representative sample of developers, we requested a mixture of
‘junior’, ‘intermediate’, and ‘senior’ Java developers, which were the categories used by the
companies to differentiate hourly payment rates according to skills and experience. The

companies were offered their regular hourly fees as payment. The hourly payment rate was



approximately 20% higher for an intermediate than for a junior and 20% higher for a senior

than for an intermediate developer.

Both companies accepted the request and offered 104 software developers in total for the
work, of which 27% were categorised as junior, 43% as intermediate, and 30% as senior
developers. Seven per cent of the developers were female. The mean length of experience as
software professionals was 7.5 years (ranging from 0.7 to 27 years), and the mean length of
experience as Java programmers was 5.8 years (ranging from 0.5 to 18 years). Seventy per
cent of the developers had been responsible for effort estimates on software projects at least

once, and 96% for the effort estimation of their own work at least once.

5.2 Study design

The participants were informed about the study’s general purpose, but not that we would
study the sequence effects of their estimates. They were also informed that the data on the
individual level would be treated as confidential information, and that only aggregated and
anonymised information would be published. The participants chose when to start the study,
within a time frame of approximately two weeks. At the beginning of the study, they were
instructed not to get interrupted by other tasks before finishing the work. All the participants
provided information about their experience and role and estimated the effort required to
complete the nine software development tasks using the Java programming language in their
preferred programming environment. We categorised four of the tasks as ‘large’, and five as
‘small’ (Table 4 includes a description of the tasks). The survey tool Qualtrics

(www.qualtrics.com) was used for data collection, and the sequence of tasks was randomised

for each participant.



Table 4: Characteristics of tasks

Task Size Description

category

A Large Development of a web-system with functionality enabling search,
display, and import of information about scientific articles.

B Large Development of a database with functionality for inserting, updating,
and removing data about empirical studies and with links to other
databases.

C Large Development of a web-based system that graphically displays selected
connections on a world map such as the number of outsourced projects
between different countries.

D Large Development of a standalone desktop system with rule-based support
for a selection of jobbing shoes.

E Small Adding functionality to an existing ATM application. Code to be
updated, and design diagram included as task documentation.

F Small Adding functionality to an existing program for a coffee vending
machine. Code to be updated, and design diagram included as task
documentation.

G Small Modifying a laser controller program. Code to be updated, and design
diagram included as task documentation.

H Small Development of a program that lists the directory content of a specified
root directory.

I Small Fixing a bug and extending the functionality of a lab-order system of a
health-care related software.

Based on the mean and median values of previous estimates provided by software

professionals on the same tasks [43, 44], we expected that both the large and the small tasks

would not be very different in size and that the large tasks would be substantially larger than

the smaller ones.

For the purpose of testing hypothesis H3 with a measure of task-specific competence, we

asked the developers about how confident they were in knowing how to solve the estimated

task. The responses were placed on a scale from 1 (No idea what to do) to 6 (Know exactly

what to do). The questions about task knowledge were asked immediately after the estimation

of each task, i.e., nine times for each developer.




5.3 Results

As seen in Table 5, the differences in mean and median effort estimates of the large and the
small tasks were substantial. The tasks belonging to the same size category were not as
similar in size as in study A. They were, however, considered to be similar enough to enable

an examination of the potential contrast effects.

Table 5: Mean and medians of the estimates

Task Size category | Mean estimate Median estimate
A Large 112 hours 62 hours

B Large 234 hours 158 hours

C Large 134 hours 40 hours

D Large 125 hours 56 hours

E Small 451 minutes 155 minutes

F Small 321 minutes 120 minutes

G Small 179 minutes 60 minutes

H Small 291 minutes 90 minutes

I Small 744 minutes 390 minutes

As indicated by the substantially higher mean than median effort estimates, the underlying
distributions of estimates are strongly right-skewed. Therefore, similar to study A, we decided
to use the log-transformed estimates (InEst) in our statistical analyses. To simplify the
interpretation of the results, we performed two separate main analyses: One analysis with the
estimates of the larger tasks and a second with the estimates of the smaller tasks as the

outcome variable.

We used linear mixed models with participant as a random effect variable, and company, task
and size category of the the previous task (small or large) as fixed effect variables. The
conditional residuals of both models were found to be close to normally distributed. The
model parameters for the two models are listed in Tables 6 and 7. Table 8 lists the results of

the tests of the sequence effects using the models and the back-transformed mean values.



Table 6: Linear mixed model parameters for larger tasks

Fixed Variable Categories Coefficient 95% CI
effects Intercept 8.32 [8.09; 8.55]
Company (company B is the Company A 0.36 [0.13; 0.59]
reference)
Task (task D is the reference) | Task A -0.22 [-0.34; -0.10]
Task B 0.61 [0.50; 0.74]
Task C -0.20 [-0.33;-0.07]
Previous task category (small | Large 0.13 [0.05; 0.21]
size of the previous task is the
reference)
Random Variable Variance Percent of total variance
effect Participant 1.22 73%
Residual 0.45 27%

Table 7: Linear mixed model analysis for smaller tasks

Fixed Variable Categories Coefficient 95% CI
effects Intercept 5.06 [4.86; 5.26]
Company (company B is the Company A -0.24 [-0.45; -0.04]
reference)
Task (task I is the reference) Task E 0.22 [0.08; 0.36]
Task F -0.07 [-0.22; 0.07]
Task G -0.81 [-0.95; -0.67]
Task H -0.37 [-0.52; -0.22]
Previous task category (small | Large 0.11 [0.03; 0.18]
size of the previous task is the
reference)
Random | Variable Variance Percent of total variance
effect Participant 0.92 60%
Residual 0.61 40%




Table 8: Test of the sequence effect for larger and smaller tasks

Item

Large tasks

Small tasks

Previous task category (large

or small)

F-value 11.3, p-value = 0.001

F-value 7.78, p-value 0.006

Mean estimates, back-
transformed from InEst,
dependent on whether the
previous task was large or

small.

Large: 78 hours (InEst=8.45)
Small: 59 hours (InEst=8.18)

Estimates of the large tasks were on
average 19 hours (24%) lower
when estimated after a small task
compared to when estimated after a

large task.

Large: 176 minutes (InEst=5.17)
Small: 141 minutes (InEst=4.95)

Estimates of the small tasks were on
average 35 minutes (25%) higher
when estimated after a large task
compared to when estimated after a

small task.

As seen in Table 8, the size category of the previous task affected the effort estimates of both
the large (24% difference) and the small tasks (25% difference), i.e., there were substantial
and statistically significant sequence effects. The differences in estimates dependent on
whether the previous task was large or small do not, however, document to what extent the

differences belong to contrast effects, assimilation effects, or combinations of the effects.

The contrast effect, assuming that it has the effect hypothesised in H1, increases the estimates
of a large task estimated after a large task, while the assimilation effect decreases the
estimates of a large task estimated after a small task. In other words, both effects contribute to
the observed differences between a large task estimated after a small or large task. This result
means that it is not possible to know to what extent the sequence effects on the estimates of

the large tasks can be attributed to an assimilation effect, a contrast effect, or a combination

of both effects.

For the small tasks, however, we can deduce that the assimilation effect must have been
stronger than the contrast effect. If the contrast effect had been the strongest, the difference in
estimates would be in the opposite direction, i.e., estimating a small task after a small one
would provide higher estimates than estimating a small task after a large one. This result

provides support to hypothesis H2.

A more direct analysis on how much of the sequence effect it is reasonable to attribute to

contrast and how much to attribute to assimilation effects, although only valid for the initial



sequence effect, is an analysis including only the two first effort estimates provided by each
developer, i.e., the estimation sequence with the first estimates not affected by any immediate
sequence effect and the second estimate preceded only by an estimate of only one small or

only one large task.

We ran a linear mixed effect analysis with the developer as the random factor and the
company, task, and previous task category as fixed factors. The variable representing the size
category of the previous task now included the values first (when a task was estimated as first,
i.e., no previous task), large (when a task was estimated after a large task), and small (when a

task was estimated after a small task).

Table 9 lists the resulting back-transformed mean estimates. All differences in the estimates
were in the hypothesised directions and close to (F-value 2.72, p-value 0.07 for the large
tasks) or just (F-value 3.34, p-value 0.04 for the small tasks) statistically significant. These
results together provide further support for our hypotheses HI and H2, i.e., there are
assimilation effects for differently sized tasks and effort-increasing contrast effects for
similarly sized tasks. Furthermore, the presence of large contrast effects, despite that the tasks
of the same size category were not as similar in size as in Study A, suggest that the tasks do

not need to be very similar in size to experience contrast effects.

Table 9: Comparison of mean estimates (back-transformed from InEst) of the first two

estimates
Mean When When When Contrast effect | Assimilation
estimates estimated as estimated after | estimated after | (same sized effect
first a large task a small task category) (different
sized
category)
Large tasks 55 hours 83 hours 45 hours 42 hours (83-55 | 10 hours (55-
(InEst=8.11) (InEst=8.51) (InEst=7.90) hours) 45 hours)
Small tasks 114 minutes 179 minutes 151 minutes 37 minutes 65 minutes
(InEst=4.74) (InEst=5.19) (InEst=5.02) (151-114 (179-114
minutes) minutes)

To test the moderating effect of competence (H3), the developers’ assessments about how

much they knew about how to solve each of the tasks (DevComp) were grouped into two




categories ‘low’ (scores 1-3) and ‘high’ (scores 4—6). This task competence variable (‘low’ or
‘high’) and its interaction with the size category (‘small’ and ‘large’) from the previous task
was added to the linear mixed models as a fixed main effect and a fixed interaction effect,

respectively.

The analysis indicates that the interaction variable is neither significant for the large tasks (F-
value 1.07, p-value 0.30) nor the small tasks (F-value 1.18, p-value 0.28). The resulting
interaction plots illustrated in Figures 2 (large tasks) and 3 (small tasks) show that the lines of
those with low (solid lines) and high (dotted lines) competence have a similar slope, i.e. there
is no clear interaction between the sequence effect and competence. In total, the effect of the
perceived level of knowledge on how to solve a task on the sequence effect seems to be low

or none at all, and, consequently, our results do not support hypothesis H3.

Figure 2: Estimated effort dependent on size category of previous task and developer

competence (large tasks)
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Figure 3: Estimated effort dependent on size category of previous task and developer

competence (small tasks)

TaskSizeBef * DevComp
6.0

.

5.8 T
g 5.6 h T
"
w
_cl 5.4 DevComp
~¢6 —4&— Low
g —B— High
o 5.2
=

L .

48 T e

Large Small

Size category of previous task

6.  Discussion

The two experiments reported in this paper observe effort-increasing contrast effects for effort
estimates of tasks of similar sizes, and assimilation effects for tasks of substantially different
sizes, i.e., they provide support for our hypotheses HI and H2. They did not observe reduced
sequence effects with general or task-specific, self-assessed software-development

competence, i.e., they provide no support for our hypothesis H3.

Our results on the contrast effect share similarities with results from the time order error
studies in psychophysics. As an illustration, consider a recent psychophysics study, where
people estimated the number of dots present in two pictures [45, Study 3]. The two pictures
were presented in random sequences, and they either had the same or a similar number of
dots. That study reports an average of 8% increase in estimates when the number of dots in a
picture was shown as the second compared to when shown as the first of the sequence, i.e., an
increase in estimates similar to the 10% increase observed from the first to the second task in

Study A. The contrast effect reported in [36, Study 2] is substantially larger than those



reported above, with effort estimate increases of 25% and 33% from the first to the second of
two similarly sized software development tasks. These two increases are more similar to the
estimate increases reported in our Study B, where the increase from the first to second of two
similarly sized tasks was 51% for the larger and 32% for the smaller tasks. The observed
differences in contrast effects in our Studies A and B and prior studies, suggest that the effect
sizes of the contrast effect may vary much from estimation context to context. According to
[8, 11], and the proposed mechanisms for the contrast effects described in Section 2, there
may be elements of the comparison conditions that make people emphasise differences that
lead to contrast effects. These difference-inducing elements may be hidden in how the
estimate request is formulated or in other parts of the estimation task. The nature and effect of

these elements are currently not well understood, and in need of further research.

The assimilation effects reported for the two first tasks in our Study B were that the estimate
of a larger task became 18% lower when estimated after a small task, and the estimate of a
smaller task became 57% higher when estimated after a larger task. In the prior study on
assimilation effects in software development effort estimation, see [35], it is reported that a
medium-large task was estimated to require as much as 105% more effort when estimated
after a smaller compared to a larger task. This difference in result may partly be explained by
that the design in [35] to some extent “doubles” the sequence effect compared to our study B,
i.e., it compared estimates of a medium-large task biased towards too low with estimates of
the same medium-large task biased towards too high estimates. When adjusting for this design

difference, the results of our Study B may not be very different from those found in [35].

Our studies suggest that the contrast effects dominate when tasks are similar in size and that
the assimilation effects dominate when the tasks differ much in size. Possibly, the
mechanisms leading to both assimilation and contrast always exist, but their strength and
ability to affect the effort estimates vary with the context. A context where we probably will
not observe an assimilation effect on effort estimates is when tasks estimated in a sequence
are very similar in size. In that context, the task efforts are already very similar, an
assimilation effect cannot be observed, and only contrast effects will be observable [45, 46].
The assimilation effect has, accordingly, the potential to dominate the sequence effect on
effort estimates mainly in contexts with large differences in the sizes of tasks estimated in a

sequence.



There may be diminishing sequence effects as the sequences get longer, such as the decrease
in the contrast effect from the second to the third task reported in Study A. Diminishing
sequence effects may, for example, be present when the effort estimation of a large task is
preceded by the estimates of one large and one small task. In this case, the estimate of the
large task preceding the small task may moderate the sequence effect (assimilation effect) of
the small task on the large task. There may, however, also be longer sequences strengthening
the sequence effect. This may, for example, happen when the effort estimate for a large task is
preceded by the estimation of many smaller tasks, potentially strengthening the assimilation
effect towards lower estimates of the large task. We tried to add analyses of different sub-
sequences of estimates, such as the one exemplified above. Unfortunately, the number of
observations in each sub-sequence tended to be too low to enable robust analyses. The
analysis of sub-sequences is an interesting topic for further research, requiring larger datasets

or an experimental design tailored to compare specific estimation sequences.

We did not find a reduced sequence effect with increased competence. This observation may
have been a result of that we measured the self-assessed level of competence and did not use
more objective measures for competence. The analysis in [47], covering more than 2000
studies, suggests that a correlation between self-assessed competence and actual performance
(indicating actual competence) typically is around 0.3. Applying this seemingly robust finding
implies that we would have found a moderating effect from self-assessed competence, if the
true effect of competence was large, but not if it was only moderately high. While we cannot
exclude a moderating effect from competence based on our studies, we may, consequently,

argue that it is not likely to be large.

Limitations

There are convincing reasons, amongst others based on prior studies, to believe that contrast
and assimilation effects exist and that they can be substantial. Our results are consequently
not extraordinary or contradictory to the main findings from the domains of psychophysics
and human judgment. A limitation of our results, shared with that of the results of the prior
studies, is the current poor or diverging understanding of why and when to expect contrast
and assimilation effects, and how large they will be in different contexts. As pointed out
earlier in this section, the sequence effects vary considerably from context to context, and we

are unable to explain why.



The poor understanding of why and when we can expect sequences effects and how large they
will be also mean that we know little about how much the sequence effect decreases with
increased time between the estimates. Research results on sequence effects, including those
reported in this study, typically study judgments provided within minutes (or seconds) of each
other, and we are unsure about what will happen in situations such as those with hours or a
full workday in-between the effort estimates. Furthermore, we do not know what will happen
when tasks get even more different in size than those in our study. Finally, the poor
understanding of the mechanisms, effect sizes, and context dependency mean that we should
be careful about generalising our results to other contexts. There is a need for further
examination of contrast and assimilation effects in more diverse software development effort

estimation contexts.

In Study B, we examined a longer task estimation sequence that included both contrast and
assimilation effects. This approach was useful to assess the combined effect of contrast and
assimilation effects when estimating a set of differently sized tasks. However, it also led to
challenges related to knowing how much to attribute to each of the effects and whether there
was a decreased sequence effect from the initial to the later estimates. More studies are

required to address this limitation using research designs better suited for this purpose.

We argue that we would have found a moderating effect of increased competence if this effect
was large, assuming a correlation between self-assessed and actual competence as reported in
other studies. To find out how large this moderating effect is, e.g., whether there is none, a
small, or a medium-large effect, we need studies with more objective measures of task

performance or competence.

The participating software professionals in our two studies were from offshoring companies
in Eastern Europe and Asia. While we have no reasons to believe that effort estimation biases,
such as the sequence effects, are substantially higher or lower in some geographical regions
(see our study reported in [30] for more on this issue), there may be elements in how
estimation requests or task descriptions are formulated that are differently interpreted in
different cultures. The replication of the sequence effect in other regions, and with other task

formulations, would, consequently, add robustness to the results.



There are types of sequence effects not examined in this paper. One potentially interesting
sequence effect is to what extent it makes a difference on subsequent estimates whether a
developer starts with a low or high estimate on the first task. We recommend this as a topic

for further research.

Implications for practice

Better awareness of the estimation sequence effects may reduce estimation biases and
improve the realism of the effort estimates in software development. In particular, to reduce
the risk of effort over-runs, it may be important to avoid estimating a large task, user story or
project immediately after estimating one or more much smaller tasks, user stories, or projects.
The risk of underestimating the largest tasks may, for example, be reduced by starting the
estimation with those tasks, and not estimating them in a sequence with a mix of smaller and
larger tasks. It may also be unfortunate to estimate a small task immediately after a large one.
This sequence may bias the effort estimate of the small task towards too high effort estimates.
Estimates which are too high may have negative consequences, such as decreasing the

development productivity [48].

When decomposing a software project or software product release into tasks, the more
similarly sized these tasks are, the less an assimilation effect is likely to be created. Assuming
that the contrast effects are typically weaker than the assimilation effects, a result which
receives some support in our studies, the effort estimates may be exposed to less biasing

sequence effects.

The relative estimation method often used in agile projects, see [3], may also benefit from
better knowledge about sequence effects, particularly about the assimilation effect. When
applying relative estimation, it is recommended to identify and estimate the effort or size of
one or more baseline (reference) tasks or user stories. When a new task or user story arrives,
its effort or size is compared with that of the baseline. Our results may be useful to guide the
selection of a baseline task. Selecting a relatively small task as the baseline, together with the
assimilation effect, would lead to underestimation of the largest tasks, while selecting a
relatively large task as baseline would lead to overestimation of larger tasks. The selection of
a medium-large baseline task may lead to least estimation bias, as before assuming that the

assimilation effect typically is larger than the contrast effect, and be the better choice.



It is not likely that we can remove the sequence effects from judgment-based effort
estimation. If we, for example, succeed in reducing the assimilation effect by estimating only
tasks of similar size, the estimation sequence will be exposed to the contrast effect. The best
we can do may be to raise the awareness that sequence effects are there and try to use

sequences that avoid the most damaging effects of them.

Implications for research design

The first observations of sequence effects were used to improve the research design [14], i.e.,
to avoid sequence effects that confounded the main effects studied. The first observation of
sequence effects had researchers counterbalance or randomise the sequence so that sometimes
the heavier and sometimes the lighter weight was lifted first. Our results on the sequence
effect support the importance of adjusting for sequence effects in research studies. We believe
that a stronger awareness regarding the need to randomise or counterbalance the sequence of
questions and tasks in software engineering surveys and experiments is sometimes essential to

avoid being misled by sequence effects.

Sometimes, randomisation or counterbalancing is not possible, e.g., in observational studies.
If there are systematic biases in the sequences, e.g., that one starts with the estimation of the
simplest tasks, the researchers should at least discuss and possibly try to assess the likely
influence of sequence effects on the claimed results. As far as possible, the adjustment should

be based on the sequence effects found in similar contexts.

7. Conclusions
Our two experiments reproduce and extend the results of prior studies on sequence effects in

effort estimation of software development, as reported in [35, 36].

When estimating the effort of a sequence of tasks of different and similar sizes, we observe a
both contrast and assimilation effects. We found increased effort estimates when estimating
tasks of similar size in a sequence, i.e., the domination of the contrast effect, and effort
estimates pulled towards that of the previous task when estimating tasks with more different
sizes, i.e., the domination of the assimilation effect. The observed sequence effects were

present despite the tasks being considerably different in content and when estimated as part of



longer estimation sequences. The sequence effects were not much reduced with higher
competence when measuring competence as a self-assessed general or self-assessed task-

specific software development competence.

The results suggest that sequence effects play a role in explaining effort estimation biases and
errors in software development contexts. More awareness of how the sequence in which we
estimate the effort of software development tasks affects the estimates may be important to
avoid the most undesirable estimation sequences. One potentially harmful sequence to be
avoided, particularly in contexts where there already is a tendency towards underestimation of
effort, is to estimate the effort of a larger task immediately after a smaller one. This sequence
is, because of the assimilation effect, likely to increase the risk of underestimating the effort
of the larger task. Similarly, it is important to reduce the risk of underestimating effort by
avoiding the estimation of a smaller task just after a larger one because underestimation is

known to decrease productivity [48].

Future work on sequence effects should, we argue, focus on how much the sequence effect
reduces with more time in-between the effort estimates, the size of the sequence effect in
other software development effort contexts, and a better understanding of the underlying

mechanisms.
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