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Abstract Traditionally, Software Effort Estimation (SEE) has been portrayed
as a technical prediction task, for which we seek accuracy through improved
estimation methods and a thorough consideration of effort predictors. In this
article, our objective to make explicit the perspective of SEE as a behavioral
act, bringing attention to the fact that human biases and noise are relevant
components in estimation errors, acknowledging that SEE is more than a pre-
diction task. We employed a thematic analysis of factors affecting expert judg-
ment software estimates to satisfy this objective. We show that estimators do
not necessarily behave entirely rationally given the information they have as
input for estimation. The reception of estimation requests, the communica-
tion of software estimates, and their use also impact the estimation values —
something unexpected if estimators were solely focused on SEE as a predic-
tion task. Based on this, we also matched SEE interventions to behavioral ones
from Behavioral Economics showing that, although we are already adopting
behavioral insights to improve our estimation practices, there are still gaps to
build upon. Furthermore, we assessed the strength of evidence for each of our
review findings to derive recommendations for practitioners on the SEE in-
terventions they can confidently adopt to improve their estimation processes.
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Moreover, in assessing the strength of evidence, we adopted the GRADE-
CERQual (Confidence in the Evidence from Reviews of Qualitative research)
approach. It enabled us to point concrete research paths to strengthen the
existing evidence about SEE interventions based on the dimensions of the
GRADE-CERQual evaluation scheme.

Keywords Software Effort Estimation · Behavioral Software Engineering ·
Bias · Noise

1 Introduction

To forecast is “to calculate or predict (some future event or condition) usually
due to study and analysis of available pertinent data” (Merriam-Webster 2021).
Forecasts support decision-makers when there is uncertainty about the future,
like when estimating software projects or tasks (Halkjelsvik and Jørgensen
2018c).

Forecasting in social sciences differs from forecasting in the physical sci-
ences, and SEE resembles more the first context than the second one. For
instance, in the social sciences, the forecasts made affect what one is try-
ing to forecast (Makridakis et al. 2020). Likewise, empirical results suggest
that estimates affect the work executed in software projects (Grimstad et al.
2005). Moreover, there is little theoretical or quantitative basis for represent-
ing a causal or underlying relationship in the social sciences (Makridakis et al.
2020). In SEE, the relation between software size and effort is unstable (Jør-
gensen et al. 2009) and varies with the context (Halkjelsvik and Jørgensen
2018b). Brooks (1995) also criticized the unit of effort we commonly use, call-
ing it a myth, as it is based on the false assumption that men and months
are interchangeable. Similarities like these remind us of the social side of Soft-
ware Engineering, and how many of the significant problems of failed software
projects are sociological in nature (DeMarco et al. 2013).

To address such problems, SE researchers should explore more cognitive,
behavioral, and social sciences concepts, using their knowledge as leverage
to more realistic notions of software practitioners’ behavior (Lenberg et al.
2014). Lenberg et al. (2015) proposed a definition and a model of such area:
Behavioral Software Engineering (BSE), rooting it in the areas of Work and
Organizational Psychology, Psychology in Programming, and Behavioral Eco-
nomics. From these areas, Behavioral Economics is a sub-field of economics
that emerged based on models of decision-making under uncertainty (Lenberg
et al. 2014), which can also be deemed relevant in the context of SEE.

Behavioral Economics focuses on how real people act and decide, as op-
posed to the view of the idealized rational and self-interested agent from neo-
classical economics (Yamagishi et al. 2014). Tversky and Kahneman (1974)
demonstrated that people use heuristics as part of their judgment, either to
help them in assessing the probability of uncertain events or predicting the
values of uncertain quantities. While such heuristics save time and reduce
complexity, they also lead people to systematic biases in their decision-making
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(Frid-Nielsen and Jensen 2021). SE researchers recognized many such biases
in our field, although overlooked categories of biases remain (Mohanani et al.
2020). For instance, regarding the social biases category in SE literature, Mo-
hanani et al. (2020) identified studies concerning only the bandwagon effect:
people’s tendency to align with the majority opinion and to do or believe
things because the majority of other people are doing or believing it (Vanden-
Bos 2015). However, this category also includes other biases, such as cultural
bias, stereotypical bias, and attribution error (Fleischmann et al. 2014). Given
the social-technical nature of our field, all of these might be worthy of further
investigation. Moreover, Mohanani et al. (2020) reports that few debiasing
techniques are explored in SE literature, which ultimately means we need to
improve on investigations of interventions to deal with the biases that nega-
tively impact SE practice.

In this work, we address the behavioral side of SEE, looking more specifi-
cally at judgment-based estimates, which are the most used type of estimates
in the software industry (Trendowicz et al. 2011; Usman et al. 2015). We fo-
cused on two research questions:

– RQ1: What are the latent themes in SEE interventions?
– RQ2: Which interventions from behavioral science are explored in the

software estimation context?

To answer them, we analyzed the many factors that affect expert judg-
ment software estimates (Matsubara et al. 2022) through reflexive thematic
analysis (Braun and Clarke 2021). We found two overarching themes regarding
perspectives about software effort estimation: SEE as a technical prediction
task and as a behavioral act. In this work, we focus on the last one: SEE
as a behavioral act. Our results show that such a perspective exists both in
the academic and industrial context. For instance, on one side, researchers are
investigating the impact of psychological biases such as anchoring (Løhre and
Jørgensen 2016). On the other side, practitioners are reporting that goals and
targets influence estimates (Magazinius et al. 2012) — when they should not
if people are supposed to act rationally to get the best estimation result for a
given task. Therefore, practitioners need to shape their estimation processes to
account for the human behavior that can affect software estimates negatively.
For example, one can reframe the first estimate from an estimator as an ideal
value, immediately asking for a second estimate and reframing it as a most
likely value. Such a small change in the estimation process improves results
because it leads to systematically higher values (Jørgensen 2011), assuming
that underestimating is a bad outcome, although frequent.

Therefore, looking for effective interventions to deal with human behavior,
such as debiasing techniques, to incorporate into our SEE contexts is a must.
To further investigate this matter, we focused on interventions to deal with the
challenges and issues we face in SEE, making our results of more practical value
and immediate application to the software industry. We refer to this subset of
the factors affecting expert judgment software estimates as SEE interventions.



4 Patrícia G. F. Matsubara et al.

Moreover, we investigated interventions from behavioral economics that
support decision-making, which we refer to from now on as behavioral inter-
ventions. We matched the SEE interventions to the behavioral ones by using
codebook thematic analysis (Braun and Clarke 2021), making the link between
them explicit. We envision that such effort makes the following contributions
to SEE research:

– Strengthen the theoretical ground on which SEE interventions stand, by
associating them with empirical results and theories from other disciplines.
This can give more confidence to practitioners in choosing such interven-
tions for software process improvement initiatives and to researchers in
deriving enhanced guidelines for practitioners;

– Reveals SEE interventions that are unaligned with interventions from other
domains and may require further investigation;

– Clarifies potential research gaps, highlighting interventions yet to be tested
in the SEE domain. This can guide software engineering researchers in
future research efforts.

The remaining of this work is organized as follows. Section 2 presents rele-
vant definitions of Behavioral Economics and behavioral interventions. Section
3 describes our research methodology. Section 4 provides the results answering
the two research questions we proposed: the latent themes of SEE interventions
and their mapping to behavioral ones. Next, Section 5 presents our discussion
of the results. Section 6 discusses the limitations of our work. Section 7 pro-
vides the final considerations and future work.

2 Background

Roughly, Economics is a social science focused on optimizing the allocation of
scarce resources, with theories rooted in preferences, beliefs, and constraints
(Buyalskaya et al. 2021). For a long time, the field was dominated by the
view of people as rational decision-makers — a perspective now challenged in
a sub-field termed Behavioral Economics, as Section 2.1 shows. Furthermore,
Section 2.3 discusses which interventions researchers in Behavioral Economics
are investigating to deal with the problems of noise and biases in judgment.

2.1 The Rise and Impact of Behavioral Economics

Classical economics assumes that humans are entirely rational: making deci-
sions and acting to maximize subjective values by integrating relevant infor-
mation and accounting for risks correctly (Buyalskaya et al. 2021). A famous
representative of this branch of thought is the expected utility theory (Thaler
2018), which recommends the alternative with the highest expected utility, or
value, considering the preferences of the decision-maker (Briggs 2019).

Simon (2000) is one of the earliest critics of models of rational choice, such
as the expected utility theory, questioning their assumptions and capacity
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to predict and explain human decision-making. But the limitations of these
models gained relevance among scholars in the 70’s (Brzezicka and Wisniewski
2014), with the works of psychologists Daniel Kahneman and Amos Tverstky
(Frid-Nielsen and Jensen 2021). They showed that people use heuristics (or
rules of thumbs) when facing complex assessment and prediction tasks, such
as the availability heuristics, in which people assess the frequency of a class
or the probability of an event by how easy it is to bring to mind their instances
or occurrences (Tversky and Kahneman 1974). Availability is an ecologically
valid clue, in the sense that instances of larger classes and frequent events
are easier to recall or to imagine than smaller or infrequent ones — but the
problem is that availability is also affected by other factors unrelated to real
size or frequencies (Tversky and Kahneman 1973). One such factor can be the
salience of an event: if it occurred recently and is fresh in one’s mind, one can
mistake it for a frequent event, even when it is not. For instance, subjective
probabilities of car accidents rise when people see an overturned car on the
road (Tversky and Kahneman 1974).

Therefore, Kahneman and Tverstky demonstrated that the use of heuristics
led people to make systematic errors — or to biases — in judgments (Frid-
Nielsen and Jensen 2021), showing that humans adopt behaviors that consis-
tently deviate from the accepted rational theory (Brzezicka and Wisniewski
2014). The discovery of these biases revealed an opportunity to use psycho-
logical realism to improve the explanatory power of economic theory (Thaler
2018). The field of Behavioral Economics developed by providing more real-
istic explanations of how real people act and decide, relegating theories of an
entirely rational human as normative — describing how people should make
decisions (Briggs 2019).

2.2 Error, Bias, and Noise

Like in economic decisions and predictions, expert-judgment SEE is also sub-
ject to errors. Anytime one provides an estimated effort value for a software
task or project, which equals the actual value from the task’ or project’ execu-
tion, we observe accuracy in estimation. When there is a difference between
estimated and actual values, we observe an error or an inaccuracy. Such er-
rors have two components which get in the way of good judgment when
estimating: bias and noise (Kahneman et al. 2016).

Bias is a systematical deviation between estimated and actual values (Satopää
et al. 2021); a tendency to predict too low or too high values (Halkjelsvik and
Jørgensen 2018b). In principle, it is predictable: we can identify its direction
and magnitude (Satopää et al. 2021). This suggests that bias has a causal
explanation (Kahneman et al. 2021) that we can address. Moreover, we can
assess single judgments (like estimates from one person) to conclude how much
(un)biased they are, making it easy to notice when bias is causing problems.
For instance, an optimistic estimator will likely give consistently too low esti-
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mates. Consequently, they can cause damage when estimating large software
tasks and projects, which typically require higher estimates due to their size.

Noise is undesired variability in judgments that should otherwise be identi-
cal Kahneman et al. (2021). It involves unpredictable deviations uncorrelated
with the outcome; therefore, it is impossible to anticipate either its direction
or magnitude (Satopää et al. 2021). Noise is a problem already detected in the
SEE domain, where estimators provided inconsistent estimates for the same
tasks on different occasions, based on the same information, and made under
similar conditions (Grimstad and Jørgensen 2007).

We cannot directly observe noise in a single judgment, so it might be harder
to grasp its presence when only one person estimates one specific task — as is
often the case in SEE. However, this does not mean noise or its damages are
absent Kahneman et al. (2021). Halkjelsvik and Jørgensen (2018b, p.8) gives
us a notion of how noise can be detrimental, noting that an unbiased set of
estimates is not necessarily an accurate set of estimates1: a half of the pre-
dictions can be far above the actual values while the other half is far bellow.
Together they cancel each other’s effect. We can only imagine the dissatisfac-
tion of the recipients of such estimates, even though estimators exhibit the
excellent quality of being unbiased on average. A much better situation would
be one with unbiased and noise-free estimators.

Therefore, in the presence of errors in human judgment and decision-
making, a matter of interest is what one can do to overcome them. Therefore,
the following section introduces the idea of behavioral interventions to deal
with bias and noise, as they are components of error.

2.3 Behavioral Interventions

One alternative is “choice architecture”, which studies how to structure decision-
making situations to influence choices over alternatives (Münscher et al. 2016).
It brings the figure of the choice architect: the person responsible for organiz-
ing the context in which decisions occur (Thaler and Sunstein 2021), resorting
to various interventions to guide people to make better decisions. Such in-
terventions were popularized under the term nudge: any aspect of the choice
architecture that predictably changes people’s behavior without resorting to
the prohibition of alternatives or changes in incentives. We refer here to large
changes in financial incentives. Small economic incentives are acceptable to cre-
ate a nudge, as well as social incentives (Münscher et al. 2016). (Thaler and
Sunstein 2021). Nudges, or choice architecture techniques, as we call them in
this work, either help people overcome their biases or take advantage of them.
Münscher et al. (2016) organized the choice architecture techniques in a frame-
work useful for their successful development and transfer. Their taxonomy
involves three overarching categories: (i) decision information, regarding the
presentation of information; (ii) decision structure, regarding the arrangement

1 However, (Halkjelsvik and Jørgensen 2018b) do not mention noise explicitly in their
discussion.
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of alternatives and the decision-making format; and (iii) decision assistance,
regarding aids to help decision-makers to follow through with their intentions
and with beneficial behaviors.

However, biases are not the only problem in human judgment. As Sec-
tion 2.2 discusses, another relevant error component is noise Kahneman et al.
(2021). Such variability happens when professionals contradict their previous
judgments when given the same data on different occasions or when different
people provide diverging judgments when evaluating or estimating the same
cases (Kahneman et al. 2016). Indeed, a little variation is acceptable. The prob-
lem lies in significant and intolerable levels of variation (Kahneman et al. 2016).
In a recent study in the judgmental forecasting domain, researchers found that
noise reduction played a dominant role in the effectiveness of the studied inter-
ventions to improve forecasters’ performance (Satopää et al. 2021). Therefore,
noise reduction strategies can also be considered to reduce estimation errors
in the SEE domain.

3 Research Methodology

In this section, we present the research methodology that we adopted. Figure
1 shows that we started with the results from a prior Systematic Literature
Mapping (SLM), reported in Matsubara et al. (2022), which resulted in a map
of factors affecting software estimates using expert judgment. We used this
map as input for the two major phases of our study.

Next, we detail the activities we executed in each phase in Sections 3.1 and
3.2. We also describe how we assessed the strength of evidence of our review
findings in Section 3.3.

3.1 Phase 1: Reflexive Thematic Analysis

In the prior SLM, analyzing the factors from the raw data of the primary
studies involved an inductive approach (Braun and Clarke 2006). We derived
codes from such raw data. Those codes represented candidate factors, which
later derived the final factors (Matsubara et al. 2022). During this process,
we had prolonged engagement with the data for over one year and a half. We
filled data extraction forms provided as supplementary material (Matsubara
et al. 2021a).

However, we focused on data from primary studies mostly on a semantic
level: we remained at the surface of their meanings without moving beyond
what was written (Braun and Clarke 2006). We left out the latent themes —
where the researcher identifies and examines underlying ideas, assumptions,
and conceptualizations that are theorized as shaping or informing the semantic
content of data (Braun and Clarke 2006). Therefore, searching for the latent
themes was a research opportunity to comprehend better the phenomenon of
the perspectives about SEE both from the research and practice points of view,
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Fig. 1 Research methodology overview presenting the two phases of the study: a first phase
focused on the reflexive thematic analysis of SEE interventions and a second phase focused
on a codebook thematic analysis matching behavioral and SEE interventions.

so far unexplored in the previous SLM. We also aimed to move from identifying
factors affecting the estimates to practical and actionable interventions that
practitioners can use to improve estimation processes in the software industry.
We proposed our first research question: RQ1: What are the latent themes
in SEE interventions? To answer it, we revisited the chunks and codes once
more.

As Figure 1 (Activity 1) shows, the first phase resulted in two major la-
tent themes: SEE as a technical prediction task and as a behavioral act.
The identification of the two above-mentioned latent themes was a result of
revisiting the codes and categories of the previous SLM as an exercise of reflex-
ive thematic analysis (Braun and Clarke 2021). Thematic analysis is a search
across a dataset (including a dataset of texts) to find repeated patterns of
meaning (Braun and Clarke 2006), united by a central concept (Braun and
Clarke 2021). Reflexive thematic analysis is an interpretative reflexive process
with no need for a coding framework, that fully embraces qualitative values
and the researchers’ subjective skills (Braun and Clarke 2021).

Next, we revisited the codes and extracts once more, searching for other
additional themes. We did not find any other themes, possibly because the ones
we had were already overarching. We were also able to refine and enrich the
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description of our current themes. In this phase, as our objective was to show
the existence of the themes, we focused only on the factors reported in more
than one paper, adopting the same strategy of the original SLM (Matsubara
et al. 2022). We realized had we stopped the analysis at that point, it would
lead to a premature closure: when the researcher stops to analyze data at a
superficial level (Connelly and Peltzer 2016). Therefore, we moved to Phase 2,
considering the research question that we derived from the SEE as behavioral
act theme. We no longer used the approach of reflexive thematic analysis at
this phase. Instead, we adopted codebook thematic analysis, as we explain in
the next section.

3.2 Phase 2: Codebook Thematic Analysis

To make explicit the perception of SEE as a behavioral act means to bring
attention to the fact that human biases and noise are relevant components
in prediction error (Satopää et al. 2021). Acknowledging their existence and
impact on human judgment, we need interventions to address both to reduce
estimating errors. As the field of behavioral economics proposes this kind of
intervention, the first phase of our study led to one additional research ques-
tion: RQ 2: Which interventions from behavioral science are explored in the
software estimation context? We use the term “behavioral science” to mean
the study of what people usually do and how they make decisions in varied
and common situations, ultimately to change human behavior — and with
Behavioral Economics at its core (Timon 2020).

To answer this question, we need to identify behavioral interventions from
a reliable source in behavioral science literature. We explain our steps to do so
in Section 3.2.1. We also need to identify the SEE interventions explored in the
SE literature — a step we explain in Section 3.2.2. Moreover, we need to detail
the analysis procedures we adopted to match these two kinds of interventions,
as we do in Section 3.2.3.

3.2.1 The Analytical Framework of Behavioral Interventions

To answer RQ2, we need a theoretical framework of interventions for the re-
duction of bias and noise. We chose the book by Kahneman et al. (2021) as a
reference for such a framework because:

– It provides behavioral interventions for both noise and bias.
– While bias has been addressed in several scientific papers and books, noise

has not (Kahneman et al. 2021). The book is a recent attempt to redress
the balance and call attention to noise.

– The book gathers interventions scattered in the literature of many differ-
ent judgment domains where noise can emerge, such as forensic sciences,
medicine, hiring, and others.
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– The authors are highly knowledgeable and respected in the behavioral and
judgment domain. Daniel Kahneman is a Nobel Prize winner2. Olivier Si-
bony is a professor specializing in strategic thinking and decision-making,
who worked for McKinsey & Company3. Cass Sunstein is a Holberg Prize
winner, who served the United States government and the World Health
Organization4.

The book by Kahneman et al. (2021) proposes three categories for bias and
noise reduction: better judges (for both bias and noise reduction), debiasing
(for bias reduction), and decision hygiene (for noise reduction). However,
the authors focus more on noise. To balance the attention between bias and
noise, we complemented the theoretical framework with choice architecture
techniques presented by Münscher et al. (2016). Such techniques make use
of our knowledge of the biases and their impact in creating deviations from
rational behavior (Münscher et al. 2016), to nudge people into making the best
decisions for themselves (Thaler and Sunstein 2021).

This step culminated with a codebook that we provide as part of our
supplementary material (Matsubara et al. 2023, Online Resource 2). It contains
categories and strategies representing all the interventions that we cataloged
from Kahneman et al. (2021) and from Münscher et al. (2016) (from now on
referred to as behavioral interventions), along with their descriptions and some
examples. This forms our final analytical framework (Gale et al. 2013).

3.2.2 The Identification of SEE Interventions

Answering RQ2 also requires the identification of SEE interventions to match
the behavioral ones. In Phase 1, described in Section 3.1, we focused on the
factors affecting estimates reported in more than one paper. In Phase 2, we
focused on any factor, including the ones reported in one paper only. However,
we decided to focus on interventions (such as the use of checklists) instead of
challenges (such as pressure). While a challenge is a statement of a problem, an
intervention describes one or more actions to deal with a problem or improve a
situation. We justify this focus because it leads to more practical findings that
practitioners can apply in their daily practice. Also, we focus on interventions
about SEE more specifically, discarding those from other processes in Software
Engineering, such as Software Project Management (like risk assessment), as
they are out of scope considering RQ2. Thus, we reduced the number of factors
to consider. There were 265 factors in the original SLM (69 factors in the paper
and 166 factors in the supplementary material) (Matsubara et al. 2022).

We filtered the factors that represent SEE interventions (Figure 1, Activity
2). This step resulted in 36 papers included in the current study (coming
from the first SLM (Matsubara et al. 2022)5). Then, we updated the list of

2 https://scholar.princeton.edu/kahneman/home
3 https://oliviersibony.com/about/
4 https://hls.harvard.edu/faculty/directory/10871/Sunstein
5 The SLM included 131 papers in total.

https://scholar.princeton.edu/kahneman/home
https://oliviersibony.com/about/
https://hls.harvard.edu/faculty/directory/10871/Sunstein
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included papers through forward snowballing. We identified 430 papers (Figure
1, Activity 3), selecting 27 as relevant during the first filter (totaling 63 papers
at this step), when we read the titles and the abstracts of papers (Figure
1, Activity 4). In the second filter, we decided to include nine papers after
reading their full-texts (Figure 1, Activity 5). We considered the snowballing
step relevant because we executed the search step of the previous SLM in
2020 and were aware of new relevant papers (we found all of them in this
snowballing step). We ended up with 45 papers to be analyzed in total. The
list of selected papers is in Appendix A.

3.2.3 The Analysis Procedures

Next, we moved from reflexive thematic analysis to a codebook approach by
using a structured coding framework (Braun and Clarke 2021) (Figure 1, Ac-
tivity 7), which we described and justified in Section 3.2.1. This means that
we changed from an inductive to a deductive (or theoretical) approach to
thematic analysis (Braun and Clarke 2006), reflecting our interest in specific
aspects of our data (Fereday and Muir-Cochrane 2006). More specifically, we
chose the approach of Framework Analysis, with the central idea of using an
analytical framework to reduce and summarize the data to support answering
the research question (Gale et al. 2013). We adapted the method by using
Evidence Profile (EP) and Summary of Qualitative Finding (SoQF) Tables,
which are the typical results from the assessment of the strength of evidence
using GRADE-CERQual (as we discuss in Section 3.3), instead of their rec-
ommended matrix, to avoid redundant data during analysis. We provide the
SoQF tables in Section 4 and the EP tables as part of our supplementary
material (Matsubara et al. 2023, Online Resource 3).

Next, we wrote down the review findings concerned with the SEE interven-
tions and associated them with each category and strategy from our analytical
framework. We interpreted the data, analyzing SEE and behavioral interven-
tions, to identify the extent of their matching and potential gaps. The authors
held regular meetings to discuss data charting to categories and strategies, and
analyze the codes, descriptions of the review findings, and the chunks from the
papers describing the interventions. We constantly checked our codebooks, en-
suring the matching of the categories and review findings.

Although our description here is sequential, our approach was iterative.
Moreover, we report our findings in Section 4 and provide extensive supporting
documentation in the supplementary materials (mapping of latent themes and
factors, codebook with theoretical framework, Evidence Profile tables, and
quality assessment forms) (Matsubara et al. 2023).

3.3 Strength of evidence

A central issue for systematic literature reviews readers is how much confi-
dence to place in their conclusions and recommendations (Dybå and Dingsøyr
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2008). This means that the knowledge of which interventions exist and the
existing evidence about them are not enough: we need to understand how
confident we can be in this evidence, considering the importance of credible
information for an evidence-based discipline Wohlin and Rainer (2021). The
GRADE (Grades of Recommendation, Assessment, Development, and Eval-
uation) system (Guyatt et al. 2011) was proposed as the reference tool for
assessing the strength of evidence in SE (Dybå and Dingsøyr 2008). However,
for qualitative reviews (as ours), GRADE-CERQual is better-suited (Lewin
et al. 2018a). Therefore, we used it to assess the strength of evidence of our
review findings (Figure 1, Activity 8).

The evaluation using GRADE-CERQual involved the following steps:

1. Writing the review finding keeping it grounded on the data from the pri-
mary studies and focusing on the phenomenon of interest;

2. For each review finding, summarizing relevant data for each dimension;
3. For each review finding, assessing data for each of CERQual’s dimensions,

looking for concerns, and making a judgment on confidence.

GRADE-CERQual evaluations focus on four dimensions that contribute to
an overall assessment of how much confidence the reader of a review can have
that the findings represent a phenomenon or one of its aspects (Lewin et al.
2018a). The dimensions are:

– Methodological limitations: regards the design and execution of the
primary studies that contributed to the review finding (Munthe-Kaas et al.
2018). It requires the choice of a quality assessment tool, and we chose an
adaptation of the criteria proposed by Dybå and Dingsøyr (2008), which is
inspired by CASP (Critical Appraisal Skills Programme). The adaptation
was proposed and used in a previous review (Mendes et al. 2019). We
provide quality assessments of the papers as part of our supplementary
materials (Matsubara et al. 2023, Online Resource 4).

– Coherence: regards how clear and cogent is the fit between the data from
the primary studies and the review finding (Colvin et al. 2018). For this
dimension, we assessed whether there was (i) any primary study with data
contradicting the review finding statement, (ii) any primary study for which
it is unclear whether data directly supports the review finding, or (iii)
alternative interpretations or explanations for the data (apart from what
the review finding states).

– Adequacy of data: regards how rich and how much data support the
review finding (Glenton et al. 2018). We collected data on the number
of studies from which this data comes from, and the number of partici-
pants or observations associated with it. The number of participants was
especially relevant in the case of controlled experiments. The number of
projects/tasks was relevant in the case of data studies. We also assessed
the richness of details in the case of qualitative studies.

– Relevance: regards the extent that the body of evidence for the review
finding applies to the research context, as specified in the research question
(Noyes et al. 2018). We collected data on the type of participants, the
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publication year of the study, whether the estimation task was realistic,
and the range of software engineering contexts included (like business area
and company size).

At the beginning of the assessment of one specific review finding, we first
assign it high confidence, downgrading it as our assessments raise concerns for
the CERQual dimensions we discussed previously. We described our levels of
concerns using the categories that Lewin et al. (2018b) proposed:

– No or very minor concerns: unlikely to reduce confidence.
– Minor concerns: may reduce confidence.
– Moderate concerns: will probably reduce confidence.
– Serious concerns: very likely to reduce confidence.

For instance, for a review finding supported by only one paper and very
few participants, we had serious concerns about adequacy. Supposing we have
no concerns about the other dimensions, we would downgrade the confidence
in this finding from high to low — representing two levels of downgrading.

Moreover, evaluators need to describe all their concerns as part of their
assessments, typically in an EP table. Evaluators should look for relevant
concerns that may reduce confidence and do not need to list very minor ones
(Lewin et al. 2018b). We provided such detailed descriptions of our assessments
of the review findings in EP and SoQF tables (Lewin et al. 2018b), as part of
our supplementary material (Matsubara et al. 2023, Online Resource 3) and
in Section 4.2, respectively. The authors held regular meetings to assess the
dimensions of each review finding and ensure consistency.

4 Results

In this section, we present the results of our study. Section 4.1 presents the
latent themes regarding the perspective about software effort estima-
tion, thus answering RQ1. Next, Section 4.2 presents the mapping of SEE
interventions to the behavioral ones, thus answering RQ2.

4.1 SEE: Technical Prediction Task and Behavioral Act?

Figure 2 presents the two latent themes we found applying reflexive thematic
analysis (Activity 1 in Figure 1) as gray rectangles: SEE as a technical pre-
diction task and/or as a behavioral act. The gray notes present a brief
description of each of them. The rounded blue rectangles represent factors as-
sociated with the SEE as a technical prediction task theme, and the pink
ones represent factors associated with the SEE as a behavioral act theme.
The purple rounded rectangle is a factor shared by both themes. Figure 2 is
not exhaustive: we included some illustrative examples from the map of factors
(see Figure 1) — the complete mapping of factors and themes is part of our
supplementary material (Matsubara et al. 2023, Online Resource 1).
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Fig. 2 Latent themes: SEE as a technical prediction task and SEE as a behavioral act.

The SEE as a technical prediction task theme aggregates the factors
that relate to the issue of generating accurate software estimates from a purely
technical point of view. It includes concerns about ensuring all tasks and effort
predictors have been accounted for. For instance, size is an effort predictor that
estimators must consider (He et al. 2010; Usman et al. 2017; Lagerström et al.
2012). The overall experience of the estimators also matters (Karna and Goto-
vac 2014), as well as the familiarity with the product (Lee et al. 2011). In addi-
tion, situational characteristics also impact estimation accuracy. For instance,
changes to requirements and scope can increase estimation error (Layman et al.
2008; Usman et al. 2015; Zapata and Chaudron 2013). On the other hand, one
needs to take concrete technical steps to improve our estimation processes,
such as using historical data (Furulund and Molkken-stvold 2007; Conoscenti
et al. 2019; Rahikkala et al. 2018) and checklists (Furulund and Molkken-
stvold 2007; Usman et al. 2018b; Jorgensen and Molokken-Ostvold 2004), to
get more accurate estimates. Therefore, the central idea of the theme is that
if one can consider all relevant predictors and use the appropriate techniques
and methods, one can more accurately predict software tasks and projects.

SEE as a behavioral act aggregates the factors that relate to a broader
perspective, considering the issues surrounding the estimation generation. It
includes factors that bring unexpected influences over the estimates, revealing
that there is more to it than the technical side. It also includes factors that
reveal that estimators will not always act in an entirely rational and tech-
nical manner to get to the best estimate given the information at hand at
the estimation moment: they are affected by cognitive and social biases. For
instance, a well-documented cognitive bias that can affect software estimates
is the anchoring effect (Aranda and Easterbrook 2005; Løhre and Jørgensen
2016; Shepperd et al. 2018). Customer expectations (Jørgensen and Sjøberg
2004), early estimates (Jorgensen and Carelius 2004; Jørgensen and Sjøberg
2001), and goals and targets (Magazinovic and Pernstål 2008; Magazinius et al.
2012) can also affect software estimates, even when unrealistic. Furthermore,
studies report pressure for reductions in software estimates (Yang et al. 2008;
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Magazinius et al. 2012; Zarour and Zein 2019) and that flexibility in the im-
plementation of requirements allows the creation of a perception of accuracy
(Jorgensen and Molokken-Ostvold 2004; Grimstad et al. 2005), enabling the
pursuit of the estimate as a target to be hit. Thus, the central idea of the
theme is that non-technical issues, but behavioral ones that go beyond the
objectives of the estimation process, are also highly influential.

The map of factors had a total of 69 factors, including only those reported
in more than one paper (Matsubara et al. 2022). The perspective of SEE as a
behavioral act aggregates only fourteen of these — a rough indication of how
underexplored this perspective is. Thus, in the next section, we focus on the
perspective of SEE as a behavioral act, investigating the SEE interventions
from a behavioral point of view.

4.2 The Matching of Interventions

In RQ 2, we asked: “Which interventions from behavioral science are explored
in the software estimation context?” To answer it, this section presents the
results of the codebook analysis and assessment of the strength of evidence
(Activities 7 and 8 in Figure 1, respectively). Figure 3 presents an overview
of all categories of behavioral interventions for bias and noise reduction that
compose our analytical framework.

Figure 3 shows an upper dark gray rectangle aggregating all categories and
strategies under the umbrella super-category of bias and noise reduction
strategies, derived from Kahneman et al. (2021). The medium gray rectan-
gles in Part a of Figure 3 represent the first set of categories in our framework:
better judges (for both bias and noise reduction), debiasing (for bias re-
duction), and decision hygiene (for noise reduction), as proposed also by
Kahneman et al. (2021). We identified each of these categories with a number
of the form X. The light gray rectangles represent their associated general
strategies, with an identifier in the form of X.Y, where X specifies its parent
category and Y represents the general strategy. We omitted specific strategies,
presenting them in the coming subsections. They have no identifiers also.

Moreover, the debiasing ex-ante general strategy is not largely explored in
(Kahneman et al. 2021). Therefore, we complemented it with the framework of
(Münscher et al. 2016), which focus on choice architecture. We represented
choice architecture in Part b of Figure 3 as a dark gray rectangle as it also
works as an umbrella super-category aggregating a wide set of general and
specific strategies. Therefore, Figure 3 connects ex-ante debiasing with the
choice architecture set of strategies with a dotted line. This super-category is
composed of three categories: decision information, decision structure,
and decision assistance. They are represented and identified as the elements
in part “a” of Figure 3, together with their general strategies.

In the following sections, we examine our review findings, as detailed in Sec-
tion 3.3. They are presented inside Summary of Qualitative Finding (SoQF)
tables, identified with an ID, its summary, the set of supporting papers, their
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Fig. 3 Overview of categories of behavioral interventions. Each super-category (e.g. bias
and noise reduction strategies) aggregates categories (e.g. better judges). Each category
aggregates general strategies (e.g. good training). Some general strategies (such as defining
the scale) aggregate specific strategies (such as anchored scales, not shown in the figure).
The ex-ante debiasing general strategy has a special class of specific strategies so large that
we put it as a separate super-category: choice architecture.

CERQual assessment of confidence, and a brief explanation of the CERQual
assessment. Moreover, the SoQF tables are structured in accordance with the
categories, general and specific strategies that Figure 3 shows. The review
findings’ IDs have a structure of the type X.Y.Z, where X specifies its parent
category, Y represents its general strategy, and Z represents the review finding.
We start with strategies for bias and noise reduction, focusing on the better
judges category in Section 4.2.1. Next, we present the findings regarding the
debiasing category in Section 4.2.2 and the findings for the decision hy-
giene category in Section 4.2.3. Then, we shift to the findings for the choice
architecture interventions in Section 4.2.4.
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We also present the assessment of the strength of evidence of the findings
using GRADE-CERQual, as stated in Section 3.3. The assessment method
results in an overall evaluation of how confident one can be that the review
findings depict the investigated phenomenon or some of its aspects (Lewin
et al. 2018a). It differs from the quality assessment in SE Systematic Liter-
ature Reviews (SLRs) because it does not focus on each primary study but
on the review finding resulting from the SLR (Lewin et al. 2018a). The as-
sessment includes the quality of primary studies through the dimension of
methodological limitations but is much broader, including how much the re-
sults from multiple primary studies agree (coherence dimension), how rich the
data supporting the review finding is (adequacy dimension), and how much
the context of the primary studies corresponds to our context of interest (rel-
evance dimension). CERQual recommends that all review findings start with
high confidence, and as the evaluators identify concerns in each dimension,
they can downgrade the confidence level accordingly. Evaluators can indicate
no, minor, moderate, or serious concerns in each dimension. Minor or mod-
erate concerns in one dimension do not necessarily lead to downgrading the
confidence (Lewin et al. 2018b).

4.2.1 Better Judges

There are three categories for reduction of bias and noise (middle gray rectan-
gles in Figure 3): better judges, debiasing, and decision hygiene. Table
1 shows the strategies that concern the better judges category.

ID Review finding Papers Confid.
1.1 Good training

1.1.1 Estimation competence improves estimates 14, 29,
38

Moderate

1.1.2 Estimation training improves estimates 4, 29 High
1.2 Intelligence: no findings

1.3 Cognitive style
1.3.1 A higher level of interdependence is con-

nected with a higher level of estimation
bias and with lower estimates

27 Moderate

Table 1: Summary of Qualitative Findings (SoQF) for the bet-
ter judges category. It includes a summary of the review finding,
together with the contributing papers, the confidence (Confid.),
and their GRADE-CERQual assessments. The review findings are
also organized by behavioral intervention—notably by the gen-
eral/specific strategies. General/specific strategies with no match-
ing review finding are marked with “no findings” .

According to Kahneman et al. (2021), judgments can be less noisy and
less biased when people are well-trained, are more intelligent, and have the
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appropriate cognitive style for the judgment task. In other words, judgments
improve with better judges. One way to get them is through good training.
This strategy includes knowledge of shared norms and experience and the
ability to make and explain judgments confidently.

Two review findings concern good training. First, estimation competence
improves estimates (Magazinovic and Pernstål 2008; Rahikkala et al. 2018;
Keaveney and Conboy 2006). We have moderate confidence in this finding. No,
or only minor concerns for coherence, adequacy, and relevance led us to strong
confidence. However, moderate or serious methodological limitations led us to
downgrade confidence at one level. Second, estimation training improves esti-
mates too (Yang et al. 2008; Rahikkala et al. 2018). We have high confidence
in this finding, as we found no or only minor concerns on coherence, adequacy,
and relevance. One study with minor methodological limitations and another
with moderate limitations led to no downgrading. Training in estimation fo-
cused on developing estimation skills and raising competence are essential to
implementing the strategy of getting better judges in the SEE domain.

We found no studies investigating issues regarding intelligence in the SEE
domain. By intelligence, we mean a multidimensional construct composed of a
set of human cognitive abilities (Schneider and McGrew 2018). It can include
abilities regarding verbal comprehension/knowledge, breadth, and depth of
acquired cultural knowledge, fluid reasoning, visual-spacing processing, and
short-term memory, among others (Schneider and McGrew 2018) — some of
which might be relevant to a greater extent to SEE than others.

Another relevant issue in the better judges category is the cognitive style:
the approach to the judgment task (Kahneman et al. 2021). There are many
different measures of cognitive styles, and their relevance varies with the judg-
ment task. In the case of SEE, one study investigated the matter, focusing on
three variables: self-construal perspectives (interdependent vs. independent),
levels of holism (holistic vs. analytical thinking), and degrees of need for cog-
nition (Jorgensen and Grimstad 2012). According to Jorgensen and Grimstad
(2012), those who score high in interdependence see themselves on the context
of others; those with a high degree of holistic thinking include more of the con-
text in their judgments; those with a higher need for cognition are more fond of
engaging with effortful information processing. The review finding states that
a higher level of interdependence connects with a higher estimation bias and
lower estimates. Interdependence dominated the other variables — holism, and
need for cognition (Jorgensen and Grimstad 2012). We have moderate confi-
dence in this finding, as we have no or only minor concerns for all dimensions
except adequacy. Moderate concerns for adequacy (only one paper supporting
the finding) lowered the confidence at one level.

4.2.2 Debiasing

The second category is debiasing, which has two main approaches as Table 2
shows: ex-post or ex-ante. The first works by correcting judgments after they
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have been made, while the latter works by intervening before the judgment
occurs (Kahneman et al. 2021).

ID Review finding Papers Confid.
2.1 Ex-post debiasing

2.1.1 Use of padding prevents estimation prob-
lems

8, 24,
42, 44

High

2.1.2 The removal of padding is a cause of prob-
lems in estimating

14, 15,
41

High

2.2 Ex-ante debiasing: Training decision-makers to overcome biases
2.2.1 Debiasing workshops reduce the impact of

high anchors in productivity estimates
11 Moderate

Table 2: SoQF for the debiasing category.

Ex-post debiasing matches one SEE intervention: padding, which in-
volves adding a buffer to the software effort estimate, to deal with unex-
pected events or to hold back reserves. One review finding states that the use
of padding prevents estimation problems (Jorgensen and Molokken-Ostvold
2004; Lederer and Mirani 1990; Glass et al. 2008; Lederer and Prasad 1991;
Matsubara et al. 2021b), and we have high confidence in it. No concerns for
methodological limitations, adequacy of data, and relevance kept confidence
high. Minor concerns about coherence were enough to lower the confidence.
Another finding states that its removal is a cause of problems in estimating
(Magazinovic and Pernstål 2008; Lederer and Prasad 1995; Lederer and Mirani
1990). We also have high confidence in this, as we have no or minor concerns
for all dimensions. Moderate methodological limitations for one study were
not enough to downgrade the confidence.

Ex-ante debiasing has two main possibilities: through choice archi-
tecture techniques (Section 4.2.4) or training decision-makers to over-
come biases. We matched the latter to one intervention in the SEE domain:
debiasing workshops, in which estimators are exposed to knowledge about cog-
nitive biases in decision-making and their effects over estimates, raising their
awareness (Shepperd et al. 2018). The review finding states that debiasing
workshops reduce the impact of high anchors in productivity estimates, and
we have moderate confidence in it. We have mostly no or minor concerns for
CERQual dimensions. Moderate concerns about adequacy (only one support-
ing paper supporting the finding) led to downgrading the confidence.

4.2.3 Decision Hygiene

The third category is decision hygiene. Table 3 presents the general and spe-
cific strategies regarding decision hygiene, together with our review findings.
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ID Review finding Papers Confid.
3.1 Sequencing information

3.1.1 The sequence of tasks to estimate impact
the results of estimates

2, 30,
34

High

3.2 Selection and aggregation (Averaging x discussion-based)
3.2.1 Estimates made by only one person hinder

estimation results compared with group es-
timation

1, 3, 5,
29, 45

Moderate

3.2.2 The statistical combination of individual
estimates is more optimistic and less ac-
curate than Planning Poker estimates

22, 33,
45

Moderate

3.2.3 The statistical combination of individual
estimates is more optimistic than unstruc-
tured group-based estimates

40 Low

3.2.4 Planning Poker is more accurate compared
with unstructured discussion of estimates

37 Very low

3.2.5 Group consensus estimates using the Del-
phi method are not better than the statis-
tical combination of individual expert esti-
mates

9 Very low

3.2 Selection and aggregation (Select-crowd)
3.2.6 The involvement of technical staff improves

estimation results
4, 6, 15 High

3.2.7 The lack of customer involvement leads to
estimation problems

19 Low

3.2.8 The involvement of mature teams improves
accuracy

20 Very low

3.2.9 The involvement of estimators participat-
ing in the project improves accuracy

24 Low

3.2.10 The lack of involvement of the person re-
sponsible for the task is a reason for error

31 Low

3.2.11 Crowd workers using Crowd Planning
Poker perform as well as specialists in es-
timations

12 Low

3.3 Guidelines: no findings
3.4 Defining the scale - Anchored rating scales

3.4.1 Absolute estimation leads to improved es-
timates compared with relative estimation

13, 32 High

3.4.2 Relative estimation is affected by sequence
effects (i.e., the choice of the reference task
impacts results)

13, 43 High

3.4.3 The choice of estimate for the reference
task in relative estimation is not straight-
forward

7 Very low

3.4 Defining the scale - Frame of reference training: no findings
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Table 3 continued from previous page
ID Review finding Papers Confid.

3.5 Structuring complex judgments: no findings
Table 3: SoQF for the decision hygiene category.

One general strategy is sequencing information, by gradually revealing
the ones relevant for a given judgment, avoiding early exposures to biasing
information. It works by limiting the formation of premature intuitions and
protecting the independence of the judgment (Kahneman et al. 2021). The
related review finding states that the sequence of tasks to estimate impacts
the results of estimates (Grimstad and Jørgensen 2008; Jørgensen 2016; Jør-
gensen and Halkjelsvik 2020). In other words, there is a sequence effect. In the
estimation of tasks of similar sizes in a sequence, estimators tend to estimate
the target task as larger compared to the reference (first) task (due to a con-
trast effect). Additionally, in estimating tasks of different sizes in a sequence, a
small reference task will lead to a lower estimate of the target task (due to an
assimilation effect) — and the opposite happens when the first task is large.
No or minor concerns for the dimensions led to a high confidence level in this
review finding.

The next general strategy is selection and aggregation. Table 3 presents
first the findings related to the aggregation of estimates, which according to
Kahneman et al. (2021) is composed of five specific strategies:

– Straight averaging: the easiest way to aggregate forecasts: averaging
them. We also refer to it as the statistical combination of estimates.

– Select-crowd strategy: selecting a small set of the best judges, based on
the accuracy of their recent judgments, and averaging their forecasts.

– Prediction markets: individuals bet on likely outcomes, collectively pro-
ducing estimates of probabilities of events.

– Delphi method: participants submit votes to a moderator and provide
reasons for their estimates at each round or respond to the reasons of
others. Multiple rounds are allowed.

– Estimate-talk-estimate: an adaptation of Delphi, where participants
first generate independent (separate and silent) estimates and then jus-
tify them. After the explanations, participants make a new estimate, and
the result is the average of the individual estimates in the second round.

The primary studies in our review rarely focused on one of these strategies
alone. The first review finding states that estimates made by only one person
hinder estimation results compared with group estimation (Rahikkala et al.
2018; Moløkken-Østvold et al. 2008; Gandomani et al. 2014; Altaleb et al.
2020; Fægri 2010). Therefore, the evidence in the SEE domain also favors the
aggregation of estimates of multiple people over having one single person pro-
vide estimates. Moreover, we have high confidence in this finding. We found
papers with varying levels of methodological limitations and no concerns for
adequacy and relevance. We had moderate concerns about coherence (results
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in the opposite direction in one paper and heterogeneity of group-based esti-
mation methods). Concerns about coherence and methodological limitations
led to the downgrading of confidence.

We also found a series of review findings comparing the statistical combi-
nation of estimates (i.e., straight averaging) with discussion-based methods,
such as Planning Poker, Delphi, or unstructured group discussions. In sum-
mary, such findings focus on aggregation issues and state that:

– The statistical combination of individual estimates is more optimistic and
less accurate than Planning Poker estimates (Mahnič and Hovelja 2012;
Gandomani et al. 2019; Moløkken-Østvold et al. 2008). We have moderate
confidence in this finding. Only one paper has moderate methodological
limitations. We also have no concerns about the adequacy and minor con-
cerns about relevance. Moderate concerns about coherence (results in the
opposite direction in one paper) led us to downgrade confidence.

– The statistical combination of individual estimates is more optimistic than
unstructured group-based estimates (Moløkken-Østvold and Jørgensen 2004).
We have low confidence in this review finding. Although we had no concerns
about methodological limitations and coherence, we have serious concerns
about adequacy (one paper supporting the finding and few participants)
and moderate concerns for relevance (narrow range of contexts and because
not so recent paper), leading us to downgrade the confidence in two levels.

– Planning Poker is more accurate compared with an unstructured discus-
sion of estimates (Haugen 2006). We have very low confidence in this review
finding. We have no concerns about coherence. However, we have serious
concerns about methodological limitations and adequacy (only one paper
supporting the finding and an unclear number of participants) and moder-
ate concerns about relevance (narrow range of contexts and not-so-recent
paper), leading us to downgrade the confidence in three levels.

– Group consensus estimates using the Delphi method are not better than the
statistical combination of individual expert estimates (Arnuphaptrairong
2021). We have very low confidence in this review finding. Although we
have no concerns about coherence and relevance, the serious concerns about
methodological limitations and adequacy (only one supporting paper and
few participants) led down the confidence in three levels.

We also had findings about the selection part of the selection and aggre-
gation general strategy. These findings point to the importance of selecting
people for the estimation tasks in the SEE domain, stating that:

– The involvement of technical staff improves estimation results (Yang et al.
2008; Rahikkala et al. 2015; Lederer and Prasad 1995). We have high con-
fidence in this finding, as we have no or minor concerns on all dimensions.
The serious methodological limitations of only one paper were insufficient
to downgrade the confidence.

– The lack of customer involvement leads to estimation problems (Usman
et al. 2015). More specifically, the study suggests customer participation
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during story sizing sessions to clarify when details are missing. We have low
confidence in this finding. We have no concerns about methodological limi-
tations and coherence. However, the serious concerns about adequacy (only
one paper supporting the finding and few participants) and the moderate
concerns for relevance (unclear context) led to downgrading the confidence.

– The involvement of mature teams improves accuracy (Usman et al. 2018a).
We have very low confidence in this finding. We have no concerns about
coherence and minor concerns about relevance. The serious concerns about
methodological limitations and adequacy (only one supporting paper and
few participants) led us to downgrade our confidence.

– The involvement of estimators participating in the project improves accu-
racy (Jorgensen and Molokken-Ostvold 2004). In other words, it is benefi-
cial to have estimators estimate their own work instead of others’. We have
low confidence in this finding. We have no concerns about methodological
limitations and coherence. The serious concerns about adequacy (only one
supporting paper and few participants) and the moderate concerns about
relevance (narrow range of contexts and not so recent paper) led us to
downgrade the confidence

– The lack of involvement of the person responsible for the task is a reason
for error (Altaleb and Gravell 2019). We have low confidence in this review
finding. We have no concerns about coherence and relevance. However,
the moderate concerns about methodological limitations and the serious
concerns about adequacy (only one supporting paper and few participants)
led us to downgrade our confidence.

– Crowd workers using Crowd Planning Poker perform as well as special-
ists in estimations (Alhamed and Storer 2021). Crowd Planning Poker is
an adaptation of Planning Poker where participants are crowd workers
with software engineering experience from platforms like Mechanical Turk
(Alhamed and Storer 2021). We have low confidence in this review find-
ing. We have no concerns about methodological limitations and coherence
and minor concerns about relevance. The serious concerns about adequacy
(only one paper supporting the review finding and a few projects) led to a
downgrade in the confidence level.

Although all these studies try to address whom to select, they do not
mention basing such selection on previous accuracy results, as recommended
in the select-crowd strategy (Kahneman et al. 2021). We discuss this issue
in Section 5.2.3.

Other two specific strategies regarding selection and aggregation are pre-
diction markets or the estimate-talk-estimate strategies. We found no
findings to match them. However, Planning Poker resembles the last strategy,
except it is not restricted to one round of justification and uses no averaging
of estimates.

The general strategy of guidelines aims to decompose a complex judgment
into more straightforward assessments on predefined dimensions (Kahneman
et al. 2021). The technique guides the estimators by helping them to focus
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on the relevant dimensions to consider; and defining how to score, weigh, and
add the judgments for each dimension, leading to the overall value (Kahneman
et al. 2021). The final decision is a judgment based on evaluating each guideline
element, not a straightforward computation. This means that disagreements
among raters can occur. In the expert-judgment part of the SEE domain, we
matched no findings to guidelines.

Defining the scale is a general strategy with two specific strategies as-
sociated: anchored rating scales and frame of reference training. The
first was originally called behaviorally anchored rating scales because they were
created for performance ratings (Kahneman et al. 2021). We dropped the “be-
haviorally” on intention: we do not mean scales to rate behaviors. It concerns
improving the rating format with a scale that establishes a common frame of
reference. Each degree corresponds to a description of specific situations or
behaviors. The second strategy regards training raters to recognize different
dimensions. For instance, in the case of performance evaluations, raters are
exposed to videotaped vignettes with reference cases, where they can com-
pare their ratings of the cases with “true” ratings given by experts. The scale
has anchor points (case scale), so each new rating compares with the anchor
cases. Therefore, frame of reference training complements anchored rat-
ing scales. Together, these strategies promote relative judgments. In SEE,
relative estimation can be implemented when using story points. For exam-
ple, estimators choose a story as the frame of reference, and all others are
estimated using its value as a reference. It contrasts with absolute estimation
(Halkjelsvik and Jørgensen 2018b).

However, in SEE, absolute estimation leads to better estimates than rela-
tive estimation (Arifin et al. 2017; Jørgensen and Escott 2022). We have high
confidence in this review finding. It is supported by one paper with no method-
ological limitations and one with moderate. We have no concerns about coher-
ence and adequacy and minor concerns for relevance, which were not enough
to rate down the confidence.

Another relevant finding is that relative estimation is affected by sequence
effects (i.e., the choice of the reference task impacts results) (Jørgensen 2013;
Jørgensen and Escott 2022). For this finding, we have high confidence due
to no concerns for methodological limitations and only minor concerns for
the other dimensions. Łabędzki et al. (2017) also found that the choice of
estimate for the reference task in relative estimation is not straightforward. We
have very low confidence in this finding. Although we have no concerns about
coherence, serious concerns about methodological limitations and adequacy
(only one supporting paper and an unknown number of participants) and
moderate concerns about relevance (lack of information about participants)
hinder confidence in the finding.

The last general strategy is structuring complex judgments. According
to Kahneman et al. (2021), it has three guiding principles (that are not perfect
for all cases and must be adapted to the judgment situation):
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– Decomposition: Breaks down the decision in its components. It is like the
dimensions in guidelines, aiding the judge to focus on what is important;

– Independence: Information on each component is collected independently
to avoid that judgment on one dimension influencing the judgments of
others (halo effect);

– Delayed holistic judgment: Intuition is not excluded. It is delayed until
judges have all the information they need. Also, the judgment is not a com-
putation of a final score but rather a decision holistically weighted based
on the information collected independently on each relevant component.

We found no studies to categorize as proposing something similar to struc-
turing complex judgments.

4.2.4 Choice architecture

As we mentioned earlier, a class of ex-ante debiasing is through choice architec-
ture techniques aimed at reducing the effect of biases or even enlisting biases
in the direction of better decision-making (Kahneman et al. 2021). Therefore,
we relied on a framework that breaks up and organizes these techniques, as
Figure 3 (Part b) shows. The framework of Münscher et al. (2016) divides the
techniques into three categories, represented by dark gray rectangles in Fig-
ure 3 (Part b): decision information, decision structure, and decision
assistance. We start with decision information, as Table 4 shows.

ID Review finding Papers Confid.
4.1 Translate Information - Reframe

4.1.1 The use of the alternative format leads to
more optimistic estimates compared with
the use of the traditional one

27 Moderate

4.1.2 Estimating ideal effort followed by the
most likely effort produces more realistic
estimates compared to estimating in the
opposite order

17 Moderate

4.1 Translate Information - Simplify: no findings
4.2 Make information visible -

Make own behavior visible (feedback)
4.2.1 Bringing attention to previous estimation

performance prevents estimation problems
10, 15,
16

High

4.2.2 Structured lessons learned do not im-
prove estimation accuracy or overconfi-
dence when estimating own tasks

28 Moderate

4.2 Make information visible - Make external information visible
4.2.3 The annotation of user stories leads to

more accurate and less biased estimates
compared with the use of Planning Poker
alone

26 Low
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Table 4 continued from previous page
ID Review finding Papers Confid.
4.2.4 The anticipation of project’ participants’

skills improves estimation
4, 6,
20, 23,
41

High

4.3 Provide a social reference point -
Refer to descriptive norm: no findings

4.3 Provide a social reference point - Refer to opinion leader
4.3.1 The lack of careful examination of esti-

mates by management is a reason for in-
accuracy

15 Very low

Table 4: SoQF for the decision information category.

A general strategy in the decision information category is to translate
information: changing the format of the presentation, without changing the
content. Two of its specific strategies are to reframe and to simplify. The first
concerns translating the existing information by presenting it in different ways
(formally, logically, or mathematically). It requires no strict equivalence: lin-
guistic re-definitions of the same decision problem also count (Münscher et al.
2016). There is one SEE intervention that regards that: the request format.
Researchers investigated the format of how estimates are asked for, comparing
a traditional format request (“How much effort is required to complete X?”)
with an alternative one (“How much can be completed in Y work-hours?”). The
corresponding review finding states that using the alternative format leads to
more optimistic estimates than using the traditional format (Jørgensen and
Halkjelsvik 2010). We have moderate confidence in this review finding. We
have no or minor concerns for most dimensions. Moderate concerns about ad-
equacy (only one paper supporting the finding) led to downgrading one level.

Another finding concerning reframe involves redefining the type of es-
timate given by estimators. This involves two steps. First, the receiver of an
estimate needs to frame the first estimate that an estimator provides as an ideal
effort value. Next, the receiver has to ask the estimator for a second estimate,
framing it as a most likely effort value. Researchers found that this redefinition
produces more realistic estimates than the opposite order (most likely first,
ideal second) (Jørgensen 2011). We have moderate confidence in this review
finding. We have no or minor concerns for most dimensions. However, moder-
ate concerns about adequacy (only one paper supporting the finding) led us
to downgrade one level.

We found no interventions regarding the specific technique called simplify,
which concerns reducing the burden of cognitive effort needed to process the
information available and increase its usefulness (Münscher et al. 2016).

Another general strategy is to make information visible by providing
easier access to information that is usually invisible. The first of its specific
strategies is to make own behavior visible (feedback). When feedback
is infrequent or disconnected from decision-making, behavioral consequences
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remain invisible (Münscher et al. 2016). In the SEE domain, bringing attention
to previous estimation performance (through recalling past effort usage or
providing feedback) prevents estimation problems (Lederer and Prasad 1995;
Jørgensen et al. 2007; Hughes 1996). We have high confidence in this finding.
We found variations among studies, from no methodological limitations to
moderate ones. We have no or minor concerns about all other dimensions.
Only one paper with moderate methodological limitations is not enough to
downgrading.

Another review finding involves a more complex type of feedback: struc-
tured lessons learned, with feedback on estimation error, the realism of uncer-
tainty assessments, and mean estimation error from all previous tasks, among
others. Such structured lessons learned do not improve estimation accuracy nor
reduce overconfidence when estimating own tasks (Jørgensen and Gruschke
2009). We have moderate confidence in this finding, as we have no concerns
about most dimensions. However, moderate concerns about adequacy (only
one supporting paper) lower the confidence in the evidence.

The second specific strategy of make external information visible fo-
cuses on existing relevant external information for decision-making. One re-
lated SEE intervention is the annotation of stories, which involves using In-
teraction Room annotation of user stories before estimating with Planning
Poker. Participants’ annotations are affixed on story cards and can mark: high
load, flexibility, reliability, time limit, usability, complexity, and uncertainty
(Grapenthin et al. 2016). For instance, a story marked with the time limit
annotation must observe a fixed deadline or be executed within specified time
constraints. Therefore, it is a technique that can aid in making information
visible, supporting SEE. One review finding concerns it: the annotation of user
stories leads to more accurate and less biased estimates than Planning Poker
alone (Grapenthin et al. 2016). We have low confidence in it. The only sup-
porting study has moderate methodological limitations. There are no concerns
about coherence. Moderate concerns about adequacy (only one supporting pa-
per) and relevance (participants were students) lower the confidence in the
finding.

The anticipation of project’ participants’ skills involves knowing who will
execute the estimated tasks/projects and their characteristics (skills and abili-
ties). The corresponding review finding states that the anticipation of project’
participants’ skills improves estimation (Yang et al. 2008; Rahikkala et al.
2015; Usman et al. 2018a; Matos et al. 2013; Lederer and Mirani 1990). Al-
though most papers report that the lack of such anticipation is a reason for
errors, one reports that its presence increases optimism (Usman et al. 2018a),
an outcome typically considered to lead to estimation problems. However, the
estimates where such anticipation happened were also more accurate (Usman
et al. 2018a), suggesting that such optimism improved results in this spe-
cific case. The participating company in the study produced estimates at two
stages: quotation and analysis estimates. The increase in optimism was no-
ticed in analysis estimates when estimators had more detailed information —
explaining why they were more accurate despite being also more optimistic.
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Therefore, in some contexts, postponing the information of who will be respon-
sible for executing a task is beneficial for reducing the optimism bias — which
is relevant when such bias leads to inaccuracies. No or only minor concerns in
all dimensions leads to high confidence in the finding.

The third general strategy of decision information is to provide a social
reference point, which concerns giving access to other people’s behavior as a
social reference (Münscher et al. 2016). The first of its specific strategies is to
refer to descriptive norm: the observable behavior of other people (what
they do), contrasting with injunctive norm (what they should do). We found
no interventions in the SEE domain that we could match this.

The second specific strategy is to refer to opinion leader because highly
respected people can influence the behavior of others. Therefore, changing their
behavior is powerful (Münscher et al. 2016). The finding from the SEE domain
matched to this behavioral intervention states that the lack of careful exam-
ination of estimates by management is a reason for inaccuracy. Lederer and
Prasad (1995) provide data for this finding, showing that accuracy decreases
when management fails to review estimates. Therefore, it is not about how the
managers act when estimating but refers to their examination of estimation
results. We have very low confidence in this review finding. The supporting
study has minor methodological limitations. We have no concerns about co-
herence. However, moderate concerns about the adequacy of data (only one
supporting paper) and serious concerns about relevance (very old paper) led
to lower confidence.

The next category of strategies that we examine is the decision structure.
Table 5 presents the related review findings.

ID Review finding Papers Confid.
5.1 Change choice defaults - Set no-action default

5.1.1 Shorter time frames lead to more opti-
mistic estimates compared to larger time
frames

36 Moderate

5.1.2 Asking for estimates using a lower granu-
larity unit leads to lower estimates com-
pared with higher granularity units

30, 35 High

5.1 Change choice defaults - Use prompted choice: no findings
5.2 Change range or composition of options -

Change categories/grouping of options
5.2.1 The use of Fibonacci scale leads to lower

estimates compared to linear scales
39 Moderate

5.3 Change option consequences - Connect
decision to benefit/cost: no findings

5.3 Change option consequences - Change
social consequences of the decision: no findings

Table 5: SoQF for the decision structure category.
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The first general strategy of decision structure is to change choice de-
faults. Defaults are pre-selected options that give people the freedom to choose
another alternative if they wish to. Their choice is impactful because many peo-
ple accept the default without giving much thought to other options (Münscher
et al. 2016). One of the specific strategies is to set no-action defaults. Con-
sidering that even the size of a unit can serve as a default (Münscher et al.
2016), we associated two factors with this strategy: time frame size and the
unit effect. The first involves situations where people use the alternative format
(“How much can be completed in Y work-hours?”). In such situations, shorter
time frames lead to more optimistic estimates compared to larger time frames
(Jørgensen and Halkjelsvik 2010; Halkjelsvik and Jorgensen 2011). Moreover,
the time frame size will act as a default on how much time is expected for
the team to work to achieve a deliverable result. We have moderate confidence
in this review finding. We have no or minor concerns for most dimensions.
Moderate concerns about adequacy (only one paper supporting the finding)
led to lower confidence in the finding

The unit effect regards the unit used when asking estimators for an esti-
mate. For instance, work-hours is a lower granularity time unit than work-days.
Using a lower granularity unit leads to lower estimates compared with higher
ones (Jørgensen 2016, 2015). Again, the unit acts as a default on how much
work a task is expected to take: hours, days, months, or years. No or only
minor concerns in all dimensions leads to high confidence in this finding.

The second specific strategy when working to change choice defaults is
to use prompted choice: forcing people to decide (no defaults). It can be
helpful when the target group is heterogeneous (Münscher et al. 2016). We
found no interventions about it in the SEE domain.

The first general strategy in the decision structure category is to change
the range or composition of options by changing what is presented (the
alternatives) to decision-makers. The only specific strategy it has is change
categories/grouping of options. The SEE intervention that we associated
with this is the use of Fibonacci scale, which regards substituting linear scales
for Fibonacci ones when estimating. Therefore, it involves rearranging the op-
tions of values that estimators can choose. In SEE, the use of the Fibonacci
scale leads to lower estimates compared to linear scales (Tamrakar and Jør-
gensen 2012). We have moderate confidence in this finding. We have no con-
cerns about most dimensions. However, moderate concerns about adequacy
(only one paper supporting the finding) and relevance (most participants are
students) lower the confidence in the evidence.

The last strategy in the decision structure category is to change option
consequences while ensuring that such changes are insignificant from a ra-
tional perspective. We found no SEE interventions for any of its specific tech-
niques. The first strategy, connect decision to benefit/cost, involves con-
necting the desired behavior to a small benefit or an undesired behavior to a
small cost. The second, change social consequences of the decision, re-
gards connecting a choice with the consequence to be regarded more positively
or negatively by others (Münscher et al. 2016).
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We removed one general strategy from this category (according to the orig-
inal framework) from our analysis (change option-related effort) because
it regards physical and financial effort. The techniques regarding cognitive ef-
fort, which is the one relevant for SEE, are covered by the decision information
category (Münscher et al. 2016).

Next, we examine the last category in the choice architecture framework:
decision assistance. Table 6 presents its findings.

ID Review finding Papers Confid.
6.1 Provide reminders

6.1.1 The use of checklists improves estimation
results

18, 20,
24

High

6.2 Facilitate commitments - Support self-commitment: no findings
6.2 Facilitate commitments - Support public commitment

6.2.1 The lack of justifications of estimates is a
reason for estimation error

24 Very low

Table 6: SoQF for the decision assistance category.

Its first general strategy is to provide reminders that make desired op-
tions more salient or suppress cues that remind people of less desired ones
(Münscher et al. 2016). The closest SEE intervention to match it is the use
of checklists: using a list of items that document the factors and activities
that estimators should consider during estimation. The review finding indi-
cates that using checklists improves estimation results (Usman et al. 2018b;
Furulund and Molkken-stvold 2007; Jorgensen and Molokken-Ostvold 2004).
No or minor for all dimensions leads to high confidence in this finding.

Another general strategy identified is to facilitate commitments, which
helps to deal with self-control problems. Deviations lead to cognitive disso-
nance or a need to justify the behavior to others (Münscher et al. 2016). The
first specific strategy associated with it is to support self-commitment
through arrangements to help decision-makers to fulfill a plan. We found
no SEE intervention associated with it. The second specific technique is to
support public commitment, creating possibilities for and supporting the
commitments in front of others; also creating external pressure and, possibly,
negative consequences in case they are broken. The commitment must be vol-
untary, preserving freedom of choice (Münscher et al. 2016). The intervention
we found in the SEE domain is the justification of estimates. Such justifica-
tions can act as public commitments to fit the estimate, especially when the
estimator is also responsible for executing the estimated task or delivering the
associated product. Our review finding states that the lack of justifications for
estimates is a reason for estimation error (Jorgensen and Molokken-Ostvold
2004). We have very low confidence in this review finding. Although we have
no concerns about methodological limitations and coherence, serious concerns
about adequacy (only one paper supporting the finding and few participants)
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and relevance (narrow range of contexts and not so recent paper) lower the
confidence.

5 Discussion

Section 5.1 discusses more on the impact of the perspectives of SEE as a tech-
nical prediction task and as a behavioral act to SEE practice and research,
in an answer to RQ1: What are the latent themes in SEE interventions?. We
also discuss our review findings presented in Section 4.2 answering RQ2: Which
interventions from behavioral economics are explored in the software estima-
tion context? This makes explicit the link between such interventions. Finally,
we discuss the confidence levels of review findings to stress how to improve the
current research about SEE.

5.1 Acknowledging the Behavioral Act

From a rigorous perspective, the estimation process includes only the genera-
tion and aggregation of software estimates. However, focusing research efforts
entirely on it adopts a myopic view. It assumes that software estimation is a
rational prediction task only — a view we refer to as software estimation
as a prediction task, inspired by previous definitions of software estimation
(Kitchenham and Linkman 1997). The focus is entirely on the technicalities
of estimating as the main tool to reach accuracy: the effort predictors to con-
sider (as size), adding technical steps to the estimation process (as the use
of historical data), or even accounting for expected events that can lead to
a higher need of effort (as changes to requirements or scope). According to
this perspective, estimating has a well-defined target: an actual value that one
wants to predict — and all one has to do is act objectively to find it. Like
in any other forecasting domain, this perspective assumes estimating should
be an objective activity that builds upon facts, sound reasoning, and methods
(Petropoulos et al. 2022).

We argue that one should go beyond the technicalities of generating an
estimate and consider the (i) human and (ii) social aspects that can impact
the results, either negatively or positively. Regarding (i), software estimates are
created by humans and therefore are affected by humans’ “bounded rationality”,
which is the idea that human judgment and decision are determined not only
by people’s goals in a task and the characteristics of the external world, but
also by people’s severely limited knowledge of the world and limited abilities
to “evoke that knowledge when it is relevant, to work out the consequences of
their actions, to conjure up possible courses of action, to cope with uncertainty
(including uncertainty deriving from the possible responses of other actors),
and to adjudicate among their many competing wants” (Simon 2000).

Regarding (ii), any forecast is created in a social setting and is subject
to politics and personal agenda (Petropoulos et al. 2022). The results Sec-
tion 4.1 presents show that SEE is no different. We term this view software
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estimation as a behavioral act, following the idea of Behavioral Software
Engineering (Lenberg et al. 2015). One can and should use other tools to reach
accuracy, considering this activity’s human and social sides. This perspective
embraces the fact that the generation of estimates is affected by cognitive bi-
ases. It also embraces the surrounding activities of the generation of estimates,
acknowledging that the reception of an estimation request (such as its format),
the communication of the estimates, and their uses can also lead to biases and
other social issues (such as pressure to change estimates). Therefore, our work
intends to enrich the SEE research and practice landscape, calling attention to
the fact that SEE is more than a purely technical prediction task: it is also a
behavioral act. Ultimately, that means that improving estimation methods is
not enough: practitioners need behavioral interventions to address the human
and social sides too.

Implications for practice and research: SEE is more than a purely
technical prediction task: it is also a behavioral act, meaning its results are
affected by cognitive and social biases. Behavioral interventions are tools one
can use to address the SEE human and social sides in the path to improve
estimation results.

5.2 Embracing Behavioral Interventions

During the second phase of our research, we aimed to answer RQ2: Which
interventions from behavioral science are explored in the software estimation
context? Our results show that the SEE interventions cover several behavioral
ones, although some remain to be investigated. One can use such interventions
to design or improve SEE practices, also considering that some of them might
not be feasible or useful in the SEE domain.

One important observation from the strength assessment of the evidence
(as in Section 4.2) is that we had high or moderate confidence in many of
our review findings. This means we are confident that they represent the phe-
nomenon we are interested in: the effect of SEE interventions (as matched to
behavioral interventions) in estimation results — either improving or harming
them. Ultimately, researchers investigate interventions not only to generate
evidence or identify gaps but also to draw recommendations to practitioners.
GRADE supports both the grading of evidence and also of recommendations,
considering how confident we are that the benefits of one intervention outweigh
its undesired effects (Andrews et al. 2013a). We should base such confidence
assessment on the confidence of estimates of effects (both desirable and unde-
sirable ones), among other things (Andrews et al. 2013b). However, we do not
have such estimates considering the qualitative nature of our review and many
of the primary studies that support our findings. That is one of the reasons
for using GRADE-CERQual instead.

Moreover, GRADE-CERQual lacks instructions for rating recommenda-
tions for practice. Therefore, the recommendations we made for practitioners
in this section are based solely on the review findings we rated with high and
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moderate confidence — and Section 5.3 discusses more on the findings rated
as low or very low confidence. Finally, our recommendations for practice can
be considered at the same level as the discretionary ones described in the
GRADE guidelines (Andrews et al. 2013a): to be used at the discretion of the
software organizations and professionals using this review results to inform
their improvement decisions about their estimation processes. This recognizes
that their adoption can vary among organizations and individuals. We also
refrain from making any recommendations from findings where our results
collide with our theoretical framework, assuming SEE can benefit from more
research in such matters.

5.2.1 Better Judges

As Section 4.2.1 shows, the better judges category was explored mostly
regarding good training and cognitive style. We have moderate and high con-
fidence that estimation competence and training positively impact estimation
results, respectively — as in Review Findings 1.1.1 and 1.1.2 in Table 1. Such
results show the importance of good training to get superior estimation
results in the software industry practice. In addition, the specific results of
the primary studies mention training about estimation methods (Yang et al.
2008) and practices (Rahikkala et al. 2018), suggesting these are relevant as
content for estimation training. However, the studies did not report the spe-
cific practices to explore. These practices probably vary in importance from
one organization to another.

We could not find any study focused on the impact of intelligence on
estimation results, although it is part of the better judges category. This can
represent a gap because intelligence is a multidimensional construct (Schneider
and McGrew 2018), and some of its dimensions can be especially relevant for
software estimation. For instance, fluid reasoning is a broad ability defined as
using deliberate and controlled procedures for solving new problems that one
cannot solve with previous known schemes or habits (Schneider and McGrew
2018). Given that many software projects are new to people building them,
it seems credible that narrow and specific abilities concerning fluid reasoning
can play a role in SEE and would be worth investigating.

Regarding cognitive style, interdependence is a characteristic that im-
pairs estimation results. It was connected with a higher effect of the anchoring
bias and with lower estimates, with moderate confidence — see Review Finding
1.1.3 in Table 1. That happened possibly because individuals scoring high on
interdependence may look to have more socially desirable behavior (Jorgensen
and Grimstad 2012). In this context, influential stakeholders, like managers
and customers, may desire lower estimates.

However, more research on cognitive styles can also benefit software esti-
mation results. The only study about it explored only three variables: inter-
dependence, holism, and need for cognition (Jorgensen and Grimstad 2012).
Other variables representing different cognitive styles can be relevant, but we
remain unaware of them due to a shortage of studies. For instance, actively
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open-minded thinking can lead to better results in the political forecasting
domain (Mellers et al. 2015a) and in estimating uncertain quantities (Haran
et al. 2013). It involves the disposition to examine issues from a multitude of
perspectives instead of only generating arguments to support a favored belief
(Svedholm-Häkkinen and Lindeman 2018). We can assume this kind of think-
ing style can impact software estimation, but we found no studies in the SEE
context.

Therefore, more research on what makes people better judges — espe-
cially regarding intelligence and relevant cognitive styles in the SEE domain
— can help in the identification of what to train people in and what to look
for when selecting estimators.

Recommendations for practice:

– Train estimators in software estimation good practice to increase their com-
petence. Obs.: No undesirable outcomes. Potentially high resource usage.

– Select people with lower interdependence characteristics. Obs.: Unclear un-
desirable outcomes. Requires knowledge and resources (like access to scales)
to assess interdependence.

Recommendations for research:

– Investigate the impact of intelligence on estimation results.
– Investigate other cognitive style variables beyond interdependence that can

be relevant to the SEE context. Assess their impact on estimation results.

5.2.2 Debiasing Interventions

Section 4.2.2 shows that SEE interventions cover all types of debiasing inter-
ventions from our theoretical framework. This seems to answer the call of SE
researchers for more studies proposing and investigating debiasing techniques,
instead of studies that only demonstrate the existence of biases (Mohanani
et al. 2020). Our findings of debiasing interventions show that ex-post debi-
asing, in the form of padding, can be a very effective intervention in the SEE
domain, with high confidence — see Review Findings 2.1.1 and 2.1.2 in Ta-
ble 2. This can be especially interesting for larger software projects, where it
seems safe to say people are prone to underestimate: there is an overoptimism
with a median time overrun of 20% (Halkjelsvik and Jørgensen 2018a). A
recommendation for padding large software projects seems to be appropriate.

In addition, an ex-ante debiasing intervention is training decision-
makers to overcome their biases. It is helpful in the SEE context with
moderate confidence, as in Review Finding 2.2.1 in Table 2 — enough to make
a recommendation of this kind of training. Still, it can be more challenging
than it seems (Kahneman et al. 2021). For instance, the debiasing workshop for
reducing biases in the SEE domain successfully reduced the anchoring effect
(Shepperd et al. 2018).

One problem is that debiasing interventions focus on specific biases. How-
ever, in a given situation, multiple biases may be at play. In addition, it might
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be hard to know precisely which biases are these and in which directions peo-
ple are biased to (Kahneman et al. 2021). So, although we know that we tend
to underestimate larger projects (Halkjelsvik and Jørgensen 2018a), the issue
of what is the exact set of psychological biases that produce this effect remains
to be empirically investigated. Our current answer for SEE is currently par-
tial — for instance, we know software estimates are affected by biases such as
the anchoring bias and overconfidence, as well as antecedents of psychological
biases like optimism (Mohanani et al. 2020). Moreover, this answer probably
varies from one company to another in practice.

Recommendations for practice:

– Use padding for debiasing in large projects. Obs.: This can lead to over-
estimation, which is an undesirable outcome that decreases accuracy. Low
resource usage and easy to implement. However, it can be hard to decide
how much to pad to avoid overestimation.

– Train estimators on biases that can affect estimates to avoid anchoring on
high productivity values. Obs.: Unclear undesirable outcomes. Potentially
high resource usage. It requires specialized knowledge and resources for
training.

Recommendations for research:

– Other than anchoring bias and overconfidence, investigate additional psy-
chological biases affecting software estimates.

5.2.3 Decision Hygiene Interventions

Decision hygiene interventions aim in reducing noise and can be effective tools
when there is a knowledge shortage about the specific psychological biases
affecting a task (Kahneman et al. 2021), which is the case of SEE. They include
interventions like teaming, training and selecting the best forecasters, which
reduce forecasting error by reducing noise instead of bias (Satopää et al. 2021).
Moreover, as Section 4.2.3 shows that SE researchers are already investigating
many interventions addressing noise in SEE.

To start with, we have results regarding sequencing information. More
specifically, we have high confidence in one review finding showing that the se-
quencing of tasks to estimate impact estimation results, considering their size
— see Review Finding 3.1.1 in Table 3. Results suggest that relative estima-
tion can benefit from using medium-tasks first, as they would lead to smaller
overall estimation bias (Jørgensen and Halkjelsvik 2020). However, although
it concerns sequencing, this finding is not truly about sequencing information.
We found no research regarding sequencing information presented to estima-
tors, even though previous research results from the SEE context suggest that
keeping some information from estimators can be beneficial, such as any infor-
mation regarding expectations from customers (Jørgensen and Sjøberg 2004),
and other kinds of irrelevant and misleading information (Jørgensen and Grim-
stad 2011).
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Regarding selection and aggregation, aggregating estimates from mul-
tiple individuals is better than relying on individual estimates. These findings
holds in the SEE domain with high confidence — see Review Finding 3.2.1
in Table 3. We also found studies investigating varied aggregation strategies:
statistical combination, unstructured group discussions, Planning Poker, and
using the Delphi Method. However, looking closer at the review findings, some
issues about the best way to aggregate software estimates arise. For instance,
when compared to the statistical combination of individual estimates, one re-
view finding (3.2.2) favors Planning Poker, while another (Review Finding
3.2.5) states there is no evidence that the Delphi method is superior. That
might come as a surprise and a contradiction, given the similarities between
Planning Poker and the Delphi method. However, the similarity is not same-
ness and implies differences to some extent, such as the total avoidance of face-
to-face interaction through several iterations, keeping estimators anonymous
trough the whole process, which is part of Delphi method Moløkken-Østvold
and Jørgensen (2004) but not required in Planning Poker. These differences
might be sufficient to secure the diverging review findings regarding these two
group discussion techniques when compared to the averaging of individual
estimates. We discuss more in Section 5.3, focusing on which aspects of the
current research about the different aggregation strategies need to improve to
make us confident enough to recommend one of them to practitioners over the
others.

Regarding the unexplored aggregation strategies from behavioral economics,
the estimate-talk-estimate might be a lighter alternative (or variation) for
Planning Poker. It can provide a solution for inexperienced teams, where Plan-
ning Poker can lead to slow justifications rounds, and long estimation sessions
(Matsubara et al. 2021b). In addition, prediction markets can provide an
alternative method to be empirically evaluated in the SEE domain, especially
when estimating confidence levels associated with the estimation values. They
are successfully employed in various domains, including presidential elections
(Mann 2016). How to structure a prediction market for the SEE domain would
be an interesting question, especially considering that people can alter the exe-
cution of a project to fit an estimate (Grimstad et al. 2005; Lederer and Prasad
1995).

As for the selection part of selection and aggregation, studies in the
SEE domain indicate the importance of selecting appropriate people to partici-
pate in the SEE activities. For instance, we have high confidence that involving
technical staff in estimation improves results — see Review Finding 3.2.6 in
Table 3 in Appendix. We also have review findings about the involvement
of customers, mature teams, people participating in the project, people re-
sponsible for the task, or even crowd workers for Planning Poker. Therefore,
researchers investigated whom to select to participate in estimation based on
their role and involvement with the task. Selection based on previous accu-
racy results, as recommended in the select-crowd strategy (Kahneman et al.
2021), remains unexplored. In the geopolitical forecasting domain, the selection
of superforecasters based on their accuracy led to the best results compared
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to training people (in cognitive debiasing) and teaming (grouping) forecast-
ers (Mellers et al. 2015b; Satopää et al. 2021). Therefore, SEE researchers
should consider more thoughtfully the select-crowd strategy even though,
in practice, often the people making the estimates are the ones responsible
for the task, and there might be little room for selecting other people. More-
over, it might not be easy because measuring accuracy in the SEE domain
is not a straightforward task, especially due to the “moving target” problem
(Matsubara et al. 2022).

We had no findings regarding the strategy of guidelines. That possibly
happened because of our focus on expert judgment estimates. When looking for
the broader literature on SEE, it has guidelines-based methods. For instance,
we can consider that COSMIC Function Points propose dimensions: the data
movements. Their measurement manual establishes what a data movement
is and the procedures to get from them to the functional size of functional
processes (Organization 2021).

Another interesting strategy is defining the scale, with the specific strate-
gies of anchored rating scales and frame of reference training. Relative
estimation employs the overall idea of anchored rating scales, through story
points, for instance, (Halkjelsvik and Jørgensen 2018b). After all, it involves
choosing a reference case (a story or a task), estimating it by giving a certain
amount of story points and then estimating the remaining cases by comparing
with it (Cohn 2005; Halkjelsvik and Jørgensen 2018b). Contrary to the results
in behavioral economics, in the SEE domain, the use of relative estimation did
not lead to improvements compared with absolute estimation — and we have
high confidence in this finding — see Review Finding 3.4.1 in Table 3. We
argue that a possible explanation for this result is that the SEE community
has not completely explored the anchored rating scales strategy. Using only
one story as a reference case may not be enough. Researchers can investigate
the impact of using multiple stories as references, representing multiple values
on a more sophisticated scale. In addition, estimation results could benefit
from integrating frame of reference training to such a scale. Perhaps, compa-
nies and teams can use a few anchor stories, tasks, or requirements to support
the training of their estimators. It can be complex and time-consuming, re-
quiring customization to the organization/unit and constant updates of cases
(Kahneman et al. 2021). However, noisy and biased estimation is also costly.

We also have no findings regarding structuring complex judgments. Kahne-
man et al. (2021) originally discussed this strategy for hiring decisions: a type
of evaluative judgment — contrasting with predictive judgments, the type in
which we classify software estimates. The structuring they propose is based on
the decomposition on relevant dimensions, independence of judgment of each
dimension (to avoid judgments in one component to affect the judgment of
others), and delayed holistic judgment (not a computation, but a decision af-
ter gathering all information). SEE researchers can use these guiding principles
to find ways to improve expert judgment estimation.

Recommendations for practice:
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– Sequence tasks to estimate, putting medium ones first in the estimation
sequence. Obs.: Potentially high resource usage and hard to implement. It
requires pre-processing of tasks to estimate, which can be time-consuming.

– Keep irrelevant and misleading information, such as clients’ expectations
and future opportunities, from the estimators. Obs.: Potentially high re-
source usage and hard to implement. It requires pre-processing of tasks to
estimate, which can be time-consuming. It also requires some protection of
the environment to avoid exposition to such information, such as avoiding
contact with customers.

– Aggregate estimates from multiple individuals instead of relying on only
one person. Obs.: Potentially high resource usage.

– Involve technical staff in estimating. Obs.: Medium to high usage of valu-
able resources.

Recommendations for research:

– Investigate how to structure prediction markets for SEE and how worthy
they are in improving estimation results.

– Propose and investigate the impact of more sophisticated anchored rating
scales associated with a frame of reference training on estimation results
when using relative estimation.

5.2.4 Choice Architecture Interventions

Regarding choice architecture techniques, most of the research in the SEE
domain concentrates on the decision information category, with SEE factors
covering almost all its general strategies — as Section 4.2.4 shows. Regarding
the reframe strategy, the findings indicate that reframing how one asks for
estimates and the type of estimate one is asking for can bring benefits for the
estimation process — and we have moderate confidence in these findings (see
4.1.1 and 4.1.2 in Table 4). More specifically, the current results support a
recommendation of using the traditional format (“How much effort is required
to complete X?”) and asking for a second estimate, portraying it as the most
likely estimate of effort and the first one that the estimator gave as an ideal
estimate.

In addition, we found no results for the specific strategy of simplify: re-
ducing the cognitive burden to process existing information. In the case of
SEE, the information to process can be the descriptions of tasks to estimate,
the current systems’ state (in the case of maintenance tasks), and the avail-
able resources. SEE researchers can investigate how to convey this information
better to make it simpler to understand for estimation purposes.

As for making own behavior visible, the findings indicate that bringing
attention to previous estimation performance prevents estimation problems,
(through recalling past effort usage or providing feedback). We had high con-
fidence in this finding — as in Review Finding 4.2.1 in Table 4. However, an-
other review finding shows that complex feedback (through structured lessons
learned, for instance) does not yield better results.
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Regarding making external information visible, one review finding
involves the annotation of user stories during Planning Poker: an intervention
that improves estimation results. Another related finding for which we have
high confidence is the anticipation of project’ participants’ skills — see Review
Finding 4.2.4 in Table 4. These findings reveal the kind of information that
estimators can benefit from: about the task and about people performing it.
With information about the task, estimators can better grasp the dimension of
the work. With information about people performing the task, they can have
better productivity expectations, increasing accuracy for time estimates.

We also had a finding about to refer to opinion leader, stating that the
lack of careful examination of estimates by management is a reason for inac-
curacy. However, this technique can backfire in the estimation context: it can
lead to pressure to reduce the estimates. For instance, management pressure
is one of the top reasons for intentional increases in estimates (Magazinius
et al. 2012). Moreover, agile methods that are now widely spread recommend
self-organizing teams, which are supposed to have external autonomy, i.e.,
protection against the influence from external parties, including management
(Hoda and Murugesan 2016). This sounds incompatible with managers exam-
ining estimates. The study supporting this finding was published in 1995, years
before the rise of agile methods. Thus, it represents part of the management
mentality of a much different time than the one we now live.

We found no results for the specific strategy of to refer to descriptive norm,
which regards depicting the observable behavior of other people: what they do.
This strategy can be helpful in spreading a target behavior, such as politely
resisting pressure over estimates.

The category of decision structure is less explored in the SEE domain. Our
findings cover only two of its specific strategies. The first is the set no-action
default: when practitioners choose their default time frame size and their
estimation unit, they are choosing defaults. Shorter time frames and lower
granularity units can hamper results by increasing underestimation — and
we have moderate and high confidence in these review findings, respectively
(as in Review Findings 5.1.1 and 5.1.2 in Table 5). The findings suggest that
using the same time frame sizes and units for all types of projects, large and
small, can jeopardize accuracy. We recommend using larger granularity time
units and larger time frames in larger projects, which typically suffer from an
underestimation bias. Thus, one avoids underestimation that can happen by
anchoring on low values. An alternative is to adopt prompted choice of time
frame sizes and estimation units as part of project planning instead of using
a one-size-fits-all default. Prompted choice is a specific technique currently
unexplored in the SEE context.

The second explored strategy in the SEE context is to change range or
composition of options. Our review finding compares the rearranging of es-
timation values’ options with Fibonacci scales instead of the arrangement with
linear ones, suggesting that the first are worse than the latter for estimation
software tasks and projects because it leads to lower values systematically. We
have moderate confidence in it — see Review Finding 5.2.1 in Table 5. Al-
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though this finding might be surprising for some because Fibonacci scales are
recommended as good estimation practice (Cohn 2005), it can be explained
by the diversification bias: the tendency for even allocation of resources over
the available options—a type of variety seeking behavior (Fox et al. 2005).
Consider that each value of an estimation scale represents an option that an
estimator can pick. In Fibonacci-based estimation scales, there is a higher num-
ber of values below than above the medium value of the scale. For instance,
Tamrakar and Jørgensen (2012) used a Fibonacci scale with six options below
the medium value of 20 (1, 2, 3, 5, 8, 13) and three options higher (30, 40, over
40 work-hours). For the linear scale, researchers used values going from 1 to 40,
plus an option representing over 40 work-hours — thus providing estimators
an almost equal number of options below and above the medium value of 20.
In this case, the diversification bias explains the underestimation bias when
using the Fibonacci scale because there are twice more small value options
as large ones. If people choose values for their user stories evenly from such
a scale, they will consistently choose a higher number of smaller estimation
values.

Moreover, one might think that estimators are assuming that tasks (or sto-
ries) to estimate are small because large ones were broken down into smaller
units. This can apparently explain estimators choosing smaller values. How-
ever, this would lead estimators to do so both for Fibonacci and linear scales,
providing no explanations of their differences.

In addition, it seems that SEE researchers and practitioners are not tak-
ing real advantage of what the technique of change range or composition
of options has to offer. Choice architects can use it by partitioning desir-
able options into diverse categories (leading people to allocate more resources
to them). They take into account the many diverse biases that come with
decisions with multiple options (allocation biases, variety seeking, mental ac-
counting, the denomination effect, and others) (Münscher et al. 2016). For
instance, SEE researchers and practitioners can work on taking advantage of
such biases in breaking tasks to estimate and ensuring that software engineer-
ing activities that traditionally receive less effort than needed are corrected
for this. If people severely underestimate testing activities in one company,
breaking them into a larger set of sub-tasks creates more options. This can
lead estimators to allocate a more significant total time to the set of such
activities than they would otherwise do.

We had no findings regarding the overall technique of to change option
consequences. The idea is to provide “micro-incentives”: changes of conse-
quences that are insignificant from a rational perspective (Münscher et al.
2016). It has two specific techniques: connect decision to benefit/cost,
which requires connecting the desired behavior to a small benefit or an un-
desired behavior to a small cost; and change social consequences of the
decision, which regards connecting a choice with the consequence to be re-
garded more positively or negatively by others. We assess that such techniques
are not easily implemented in the SEE context. For instance, higher manage-
ment and project planners tend to prefer lower estimates (Magazinius et al.
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2012). In other words, such estimates are more socially desirable. Is there any
way we can make accurate estimates more socially desirable than lower ones?
A challenge comes with this idea: people can expand their work to fit a large
estimate, reducing productivity (Jorgensen 2014). How to deal with this?

Finally, our findings cover almost all strategies in the decision assistance
category. The first is to provide reminders, which we do in the SEE context
with the use of checklists. It improves estimations results with high confidence
— see Review Finding 6.1.1 in Table 6. Therefore, it yields a good recommen-
dation for enhancing estimation practice.

The second general strategy is to facilitate commitments, of which we
have some issues to resolve as researchers. It requires making private or public
commitments to deal with self-control problems. Deviations lead to cognitive
dissonance or a need to justify to others (Kahneman et al. 2021). The first of
its strategies is to support self-commitment, which involves commitment
devices: arrangements to help decision-makers to fulfill a plan. We found no
results to associate with this technique. The matter here is: is that adaptable
to the software estimation context?

The second specific strategy is to support public commitment, which
requires creating possibilities for and supporting the commitments in front of
others, creating external pressure and, possibly, negative consequences in case
it is broken. Our review finding states that the lack of justifications of esti-
mates is a reason for estimation error, as shown in one study (Jorgensen and
Molokken-Ostvold 2004). In this case, the justifications can explain how one
can attain the estimate — artificially creating the expectation for a commit-
ment to hit it.

Recommendations for practice:

– Prefer the use of the traditional format when asking for estimates instead of
the alternative format to avoid the underestimation bias. Obs.: Potentially
medium resource usage in contexts where people are used to working in
fixed-time iterations, as it will require someone to fit the tasks into the
iteration.

– Frame first estimates as ideal ones, and ask for a second estimate fram-
ing it as a most likely estimate — Obs.: Low resource usage and easy to
implement.

– Bring attention to previous estimation performance, either by asking people
to remember it or by providing simple feedback on it. Obs.: Potentially high
resource usage (if providing feedback based on data).

– Anticipate participants’ skills to estimators. Obs.: Low resource usage and
easy to implement. It may be unfeasible in some contexts.

– Decide on the time frame size (when using the alternative format for asking
for estimates) and estimation unit on a project basis instead of defining
defaults. Obs.: Low resource usage.

– Prefer linear scales instead of Fibonacci scales to reduce underestimation
bias. Obs.: Low resource usage.
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– Use checklists to remind estimators of often overlooked tasks or predictors.
Obs.: Potentially high resource usage if the checklist is long.

Recommendations for research:

– Investigate how to simplify information for estimators and how much it
can affect estimation results.

– Assess specific techniques that build on descriptive norms of behavior to
deal with specific biases and how they impact estimation results.

– Study alternative breaking of options for estimators (like the breaking of
values of scales or the breaking down of tasks they estimate) and how it
impacts estimation results.

– Provide more studies to address the adequacy and/or relevance concerns
for promising review findings, such as the ones regarding request formats,
sequences of types of estimates (ideal x most likely), time frame sizes, and
Fibonacci versus linear scales (and possibly other types of scales used in
the software industry).

5.3 Raising the Confidence in the Evidence

In Section 5.2 we presented a discussion of our review findings from the per-
spective of the matching between SEE and behavioral interventions, providing
recommendations for practice based on review findings with high and mod-
erate confidence. This section discusses how research on SEE can improve,
considering how confident we are in each of our review findings. We provide
specific guidance for research whenever we envision improvement opportuni-
ties regarding the GRADE-CERQual dimensions: methodological limitations,
coherence, adequacy, and relevance.

One issue that Section 5.2 discusses is that we are not confident in making
recommendations for practice about the best aggregation strategy for software
estimates due to a variety of concerns. First, when comparing the statistical
combination of individual estimates and Planning Poker, our review finding
states that the first lead to more optimistic and less accurate estimates than
the latter — indicating that Planning Poker is a better aggregation strategy.
However, at least one study revealed that when participants are students aver-
aging fares better (Mahnič and Hovelja 2012). This raised moderate concerns
about the coherence of the review finding because of one contradictory result
(as in Review Finding 3.2.2 in Table 3). Second, when comparing the statistical
combination of individual estimates with unstructured group-based estimates,
the latter also leads to less optimistic estimates, and again a discussion-based
strategy seems better. The issue is that we have low confidence in this find-
ing due to serious concerns about adequacy (because of only one supporting
paper with few participants) and relevance (because of only one participating
organization) — as we show in Review Finding 3.2.3 in Table 3. Third, in
another review finding, Planning Poker was more accurate than unstructured
discussions of estimates. However, we have very low confidence in this finding
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due to serious concerns about methodological limitations regarding the only
study about it, serious adequacy concerns, and moderate relevance concerns
because of the narrow range of contexts and not-so recent paper — see Review
Finding 3.2.4 in Table 3. Fourth, the statistical combination of estimates is
compared to — and considered no worse than — the Delphi’s highly structured
method (and another discussion-based method). Once more, we have very low
confidence in the finding due to serious concerns with methodological limita-
tions (due to the tiny sample in an experimental design and the introduction
of confounding factors) and adequacy (one paper with very few participants)
— as in Review Finding 3.2.5 in Table 3. These findings and the assessment
of their strength of evidence do not make us confident that group discussion
methods are better to recommend than averaging individual estimates. We
would rather recommend more research to clarify whether averaging makes
better (or is no worse) in some specific contexts.

As for the selection part of selection and aggregation, we have very
low to low confidence for most of the review findings (about the involvement
of customers, mature teams, people not participating in the project, people
responsible for the task, or even crowd workers for Planning Poker). The rea-
sons range from concerns with methodological limitations to concerns with the
adequacy of data (all of them were supported by one paper only) or concerns
with relevance (due to narrow SE contexts) — as in Review Findings 3.2.7,
3.2.8, 3.2.9, 3.2.10, and 3.2.11 in Table 3.

Regarding the reframe technique, we recommended the use of the tradi-
tional format (“How much effort is required to complete X?”) and asking for
a second estimate, portraying it as a most likely estimate of effort and the
first one the estimator gave us as an ideal estimate. However, these review
findings were reported in one paper only, leading to moderate concerns about
data adequacy. Although the number of participants is high enough to avoid
more adequacy concerns (as in Review Findings 4.1.1 and 4.1.2 in Table 4,
we can strengthen the confidence in these findings by having more researchers
investigate these issues.

As for making own behavior visible, the review finding of complex
feedback (through structured lessons learned, for instance) does not yield bet-
ter results. Again, only one paper supports the latter finding, decreasing the
confidence from high to moderate (as in Review Finding 4.2.2 in Table 4) and
suggesting that more research can increase the adequacy of data.

Regarding making external information visible, one review finding re-
gards the annotation of user stories during Planning Poker. We had low confi-
dence in this finding because of moderate concerns in three dimensions — as in
Review Finding 4.2.3 in Table 4). First, we had concerns about methodological
limitations because the estimation tasks were not standardized; second, we had
concerns about adequacy because only one paper supported the results; and
third, we had concerns about relevance because participants were students.
All these concerns point to improvements in research to strengthen the evi-
dence. Another finding is the anticipation of project’ participants’ skills. One
of the supporting papers found that it can lead to increased optimism in some



44 Patrícia G. F. Matsubara et al.

situations: the opposite results compared with the other papers, leading to
minor concerns about the coherence of the review finding. Still, such concerns
were minor, and we kept high confidence that it is adequate to recommend
anticipating participants’ skills to improve estimation results.

We also had a finding regarding refer to opinion leader. The corre-
sponding review finding in the SEE domains (The lack of careful examination
of estimates by management is a reason for inaccuracy — as in Review Finding
4.3.1 in Table 4) is supported by only one paper, leading to moderate concerns
about data adequacy. We also had serious concerns about relevance because
the paper is too old (dating from 1995), predating the agile movement and
its recommendations of software teams’ autonomy, which are now accepted
as good management practice. These assessments led us to rate the review
finding with very low confidence, reflecting that it does not hold in many con-
texts nowadays, although it might have been valid in the past. We would not
recommend it for the estimation process of software organizations.

Many review findings led us to draw recommendations for practice in Sec-
tion 5.2 even though we did not have high confidence in them. Our confidence
was moderate, suggesting there is still room for improvement in research inves-
tigating them and acknowledging these review findings were promising. Many
of these review findings had their confidence levels downgraded due to ade-
quacy concerns because only one paper supported them. That was the case
of the recommendation for traditional request formats, sequences of types of
estimates (ideal x most likely), larger time frames, and the use of linear scales
(instead of Fibonacci ones). We need more researchers investigating the matter
to raise our confidence in these findings from moderate to high.

Another review finding was about the lack of justifications, in the context
of the support public commitment category. We have very low confidence
that we can use this finding to draw a recommendation (as in Review Finding
6.2.1 in Table 6). The results come from one study collecting data in one
company only, raising serious concerns about adequacy. It also leads to serious
concerns about relevance due to the narrow range of SE contexts.

Recommendations for research:

– Execute more comparative studies between diverse aggregation strategies
in different SE contexts. We need more comparisons between straight av-
eraging (statistical combination) and discussion-based methods (like Plan-
ning Poker, unstructured group discussion methods, Delphi, and possibly
the estimate-talk-estimate procedure).

– Provide more studies to address the adequacy and/or relevance concerns
for promising review findings, such as the ones regarding request formats,
sequences of types of estimates (ideal x most likely), time frame sizes, and
Fibonacci versus linear scales (and possibly other types of scales used in
the software industry).
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6 Limitations

For thematic analysis, we can use the credibility, transferability, dependabil-
ity, and confirmability criteria as pragmatic choices to assess research results
and establish trustworthiness (Nowell et al. 2017). Credibility refers to the fit
between the data and process of analysis with the intended focus (Cruzes and
Dyba 2011). It can be addressed by varied means, such as prolonged engage-
ment with data, triangulation of data collection modes, documenting thoughts
about potential codes/themes and theoretical and reflexive thoughts, storing
raw data in well-organized archives, and keeping records of field notes and
reflexive journals (Nowell et al. 2017). We engaged with data for over two
years and organized data into extraction forms and codebooks. Also, we chose
the data from a previous SLM based on our intended focus to understand the
perceptions about SEE research and practice from a broader perspective —
something that a single primary study, such as a case study or a survey, was
unlikely to provide us. In addition, we purposefully chose the two types of the-
matic analysis based on the reflexive nature of the first phase of our study. We
then moved on with a codebook approach to address the research question we
generated for the second phase, which required us to adopt a more well-defined
theoretical lens. Although we chose a strong theoretical framework based on
literature from consolidated researchers in the behavioral science arena, there
is a risk our matching of SEE and behavioral interventions would be different
if we had a behavioral science researcher in our team.

The transferability criteria refer to the generalizability of the inquiry. The
researcher needs to offer thick descriptions to allow the readers to decide about
transferability to their context (Nowell et al. 2017). In the case of research syn-
thesis, it involves describing the selection and characteristics of the primary
studies (Cruzes and Dyba 2011). Regarding the selection of primary studies,
we selected papers from a previous SLM, which raises two issues. First, the
previous SLM used a search string to answer different research questions. How-
ever, we did not consider this to be a major issue, as such questions focused
on factors affecting expert-judgment software estimates, of which SEE inter-
ventions are a subset. Second, the search from the previous SLM was carried
out in 2020. To mitigate this, we carried out one round of snowballing using
the set of papers from the previous SLM as a seed set. Still, there is a risk
that we might have missed relevant primary studies in our review, represent-
ing a threat to study selection validity (Ampatzoglou et al. 2019). Regarding
the characteristics of our primary studies, we provided information in our ex-
traction forms and supplementary material regarding their research strategy,
context, and results.

Dependability concerns whether the research process is logical, traceable,
and documented — demonstrated by making the research process auditable
(Nowell et al. 2017). We documented all data extracted and created a detailed
codebook to explain all categories and techniques we considered to address
this. We also documented the details of our assessment of the strength of
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evidence in EP tables provided as supplementary material (Matsubara et al.
2023, Online Resource 3).

Confirmability regards how the extracted data is coded and sorted (Cruzes
and Dyba 2011). It is also about whether the researchers’ interpretations and
findings are derived from the data (Nowell et al. 2017). We addressed this
criterion by using GRADE-CERQual, which brings to qualitative and mixed-
methods systematic reviews the discussion on data coherence and adequacy
— concepts that regard how clear and cogent is the fit between data and the
review findings and how rich and how much data support them, respectively.
The explicit evaluation of such dimensions might differ between researchers,
but the idea of GRADE-CERQual is rather transparency of judgments instead
of agreement, allowing people to disagree on objective grounds. To enable
this, we preserved the links between the primary studies, the review findings
(in the SoQF and EP tables), the categories and techniques described in our
codebooks, and the themes. We published them as supplementary material
(Matsubara et al. 2023, Online Resource 2).

7 Conclusions

In this study, we analyzed SEE factors to emphasize that SEE is more than
a prediction task: it is also a behavioral act. Through reflexive thematic
analysis, we show how this perspective on SEE requires that researchers and
practitioners consider more than the technicalities of estimating software tasks
and projects to improve accuracy. They need to account for human behavior
too. This requires us to consider the surroundings of the estimation process:
how one prepare, ask for, communicate, and use the software estimates also
matters. Ultimately, that means that improving estimation methods is not
enough: practitioners also need behavioral interventions to address the human
and social sides.

Therefore, we investigated behavioral interventions from other domains to
compare them with the SEE interventions in the context of judgment-based
estimation. We carried out a codebook thematic analysis using a framework
built from recent works from behavioral sciences, to which we matched the SEE
interventions. This allowed the identification of the SEE interventions rooted
in the knowledge of other behavioral interventions, even if only partially. With
such knowledge in their hands, SE practitioners can assess which SEE inter-
ventions can be helpful in their contexts, supporting process improvement
initiatives focused on their estimation processes. Some recommendations for
practice we can draw from our review relate to preparing for estimation, such
as training estimators to make them knowledgeable on estimation methods,
practices, and biases affecting their estimates. We can also make a handful of
recommendations concerning how to ask for estimates, such as choosing the
appropriate request format (the traditional format reduces underestimation).
Moreover, some recommendations concern the generation or the communica-
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tion of software estimates, like the one of providing checklists to remember
estimators of tasks and effort predictors.

All such recommendations are rooted in review findings that we assessed
with high or moderate confidence considering GRADE-CERQual for the strength
of evidence evaluations. However, our results also include review findings with
low and very low ratings. SE researchers can use such findings to guide future
research efforts. Future work includes more studies to address the adequacy
and/or relevance concerns for promising review findings, such as the ones re-
garding request formats. Moreover, we now see the gaps represented by be-
havioral interventions unexplored or partially explored in the SEE domain,
such as the impact of intelligence and other cognitive styles beyond interde-
pendence, more sophisticated anchored scales, alternative breaking of tasks to
estimate or options given to estimators to select as estimating values, among
others. The investigation of such interventions is also part of future work. Fi-
nally, future research efforts can investigate further developments and nuances
coming from other purposes that SEE is used for rather than just providing a
prediction value (as in the “SEE as a technical prediction task”). For instance,
SEE can also increase communication among team members, enabling a better
team understanding of tasks to complete or the project roadmap. It can also
be regarded as a social act, which can be seen as a development of SEE as a
behavioral act.
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