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Abstract

Context Nowadays software-development organizations are urged to exploit their data for
empowering their decision-making processes. Such data may be used to monitor the status
of meaningful software indicators (e.g., software quality, productivity and on-time deliv-
ery) that are relevant for their decision-making processes. Forecasting the values of such
indicators may provide evidence of a potentially high risk or opportunity that could help to
anticipate actions accordingly. Most of the existing forecasting proposals in software engi-
neering use open-source data rather than data from industrial projects. Therefore, there is a
lack of evidence on how these proposals fit the particular needs of a software-development
organization and how they can be automated into the organization’s infrastructure.
Objective To enable software indicators” forecasting in a software-development organiza-
tion (Modeliosoft).

Method We designed an industry-academia collaboration based on Action Design
Research (ADR) to address Modeliosoft’s forecasting challenges.

Results A tool-supported method called FOSI (Forecasting Of Software Indicators) for
enabling forecasting in Modeliosoft. We obtained positive results regarding its suitabil-
ity and technical feasibility in a pilot project of the organization. In addition, we provide
details and reflections on the potential usefulness of the method for addressing similar field
problems.

Conclusions The procedures and results detailed in this paper are valuable to: 1) address
Modeliosoft’s forecasting challenges 2) inspire other software-development organizations
on how to deal with similar problems and even reuse some procedures and software sup-
port tools resulted from this work, 3) promote the win-win benefits of industry-academia
collaborations.

Keywords Software-development organizations - Forecasting - Software indicators -
Metrics

Communicated by: Markus Borg

Extended author information available on the last page of the article

@ Springer


http://orcid.org/0000-0002-6262-3698
https://orcid.org/0000-0002-3872-0439
https://orcid.org/0000-0001-9733-8830
http://crossmark.crossref.org/dialog/?doi=10.1007/s10664-024-10508-x&domain=pdf

153 Page 2 of 49 Empirical Software Engineering (2024) 29:153

1 Introduction

Nowadays, the use of data analytics is becoming a crucial asset for helping organizations
to improve their managerial operations and decision making, make better use of resources
and leverage competitive advantage (Bosch 2016; Marshall et al. 2015). This also includes
software-development organizations, which are defined as organizations that can be private
(i.e., software companies) or public, extensively developing software either for third-par-
ties, or for internal use (Manzano et al. 2021). Software-development organizations pro-
duce large amounts of data related to their software processes and products from the use of
their corporate tools (e.g., continuous inspection tools, continuous integration tools, project
management tools and issue trackers) that may be exploited to improve their operations and
decision making (Martinez-Fernandez et al. 2018).

In this context, the software engineering literature has proposed a plethora of techniques
based on data analytics to support software-development organizations’ decision-making
processes (Tosun et al. 2020; Figalist et al. 2021; Misirli and Bener 2014). Most of the
existing proposals focus on computing the values of diverse software indicators from the
actual evidence gathered in available repositories. Software indicators refer to measures
providing an estimate/value that a software-development organization considers important
for its decision-making processes. For instance, Vasilescu et al. (Vasilescu et al. 2015)
and Choetkiertikul et al. (Choetkiertikul et al. 2018) define and estimate specific software
indicators such as software quality and productivity, and delivery capability respectively.
Other proposals, instead of focusing on specific software indicators, generalize the
definition and estimation processes by supporting the computation of any meaningful
software indicator (e.g., (Manzano et al. 2021; Mendes et al. 2018)). The main potential
benefit of automating the estimation of such software indicators is the possibility of
monitoring their values, thus providing valuable insights to diverse software-development
organization’s roles for making better informed decisions (Mendes et al. 2018).

However, as data mining and data analytics techniques get mature, software-development
organizations are demanding advanced decision-making capabilities not only for monitoring
their software indicators but also for estimating the future values of such indicators (Taylor
and Letham 2018), i.e., forecasting software indicators. Forecasting is the process of mak-
ing predictions of the future, mostly based on past and present data, and trends (Chambers
et al. 1971). Monitoring the forecasted values of meaningful software indicators may provide
funded evidence of a potentially high risk or opportunity that could help diverse roles of the
software-development organization to anticipate actions accordingly (i.e., to prevent unde-
sired effects). For instance, forecasting the Product Readiness indicator of a software product
under development might reveal a likely risk of deadline violations, therefore decision mak-
ers can promote earlier the allocation of additional resources to avoid such undesired effect.

Numerous proposals have emerged in the realm of forecasting software indicators,
addressing aspects such as reliability (Amin et al. 2013; Kumaresan and Ganeshkumar 2020),
software vulnerabilities (Roumani et al. 2015; Yasasin et al. 2020), and software defects
(Raja et al. 2009; Wu et al. 2010; Thorstrom 2017)). However, a significant majority of these
proposals often emphasize showcasing the efficacy of algorithms or suggested processes, rather
than assessing their feasibility within organizational contexts and their existing infrastructure
(Eken et al. 2021; Baltes and Ralph 2022). This dearth of industrial evidence raises concerns
about the potential integration of existing proposals into software-development organizations’
infrastructure (Eken et al. 2021). As a result, there is a pressing need for research that not only
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demonstrates the effectiveness of forecasting algorithms but also provides insights into their
practical implementation and automation within software-development organizations.

The work presented in this paper is part of an ongoing long-term industry-academia
collaboration with Modeliosoft, a private European software-development organization
(hereafter software-development company or company for short). The overall objective of
this collaboration is to enhance Modeliosoft’s decision-making processes through short-term
industry-academia collaboration cycles. This paper specifically delves into the cycle dedicated
to addressing Modeliosoft’s forecasting challenges. Such challenges were approached under
Action Design Research (ADR) premises (Sein et al. 2011), that allowed the joint collaboration
of the organization (Modeliosoft) with the researchers, for envisaging a Modeliosoft’s
forecasting solution whose design and evaluation was conducted within the organization. In
accordance with ADR premises, the major contributions of the work reported here are:

a) The design of a method called FOSI (Forecasting Of Software Indicators) for enabling fore-
casting in Modeliosoft. This method incorporates state-of-the-art forecasting approaches,
and it is complemented with some software support tools to facilitate its application.

b) Preliminary evaluation of the FOSI method in a pilot project within Modeliosoft. This
was tackled as a case study, followed by a feedback evaluation from Modeliosoft’s practi-
tioners that participated in it. The obtained results show promising outcomes, demonstrat-
ing the suitability and feasibility of the method and its support tools within Modeliosoft.

¢) Formulation of four design principles derived from the experience of designing and
applying the FOSI method in Modeliosoft. These principles offer succinct insights into
how the FOSI method addresses the forecasting challenges of Modeliosoft. They help
to facilitate the adoption of the procedures and tools proposed by the FOSI method by
other organizations facing similar problems.

In addition, our results might promote the win-win benefits of industry-academia col-
laborations. At this respect, Song and Runeson (Song and Runeson 2023), and Mikkonen
et al. (Mikkonen et al. 2018) claim that reporting the results from industry-academia col-
laborations is especially important for promoting the relevance and transference of soft-
ware engineering research. Other researchers also support the need of disseminating this
type of collaborations in order to foster the impact of research into the industrial practice
(Basili et al. 2018; Devanbu et al. 2018).

The content of the paper is organized as follows. Section 2 provides background on ADR
and details the previous collaboration with Modeliosoft. Section 3 provides an overview of the
research approach followed to deal with Modeliosoft’s forecasting challenges. Sections 4-6
detail the ADR-based stages aimed to design and evaluate the FOSI method for Modeliosoft,
as well as leverage the knowledge gained from such design and evaluation. Section 7 tackles
limitations and threats to validity. Section 8 discusses the lessons learned from this industry-
academia collaboration. Finally, Section 9 summarizes the conclusions and future work.

2 Background
2.1 Abrief on Action Design Research

As highlighted by Wohlin and Runeson (Wohlin and Runeson 2021), selecting the right
research methodology is crucial for industry-academia collaborations to maximize their
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benefits and ensure success. Typical research methodologies for developing and evalu-
ating solutions to address an industrial challenge in empirical SE are: action research
(Elden and Chisholm 1993; Avison et al. 1999), design science (Wieringa 2014), and
technology transfer models (Mikkonen et al. 2018). These methodologies are typically
characterized by their aim to bring about a change in practice (action research), pro-
duce an artifact (design science), or transfer knowledge about a specific practice (tech-
nology transfer models). However, despite their respective strengths, each methodol-
ogy also presents certain limitations, as noted by Cronholm and Gobel (Cronholm and
Gobel 2019), and Wohlin and Runeson (Wohlin and Runeson 2021). Action research,
for instance, excels in fostering intervention and knowledge emergence within authen-
tic settings, yet it may not sufficiently prioritize innovation and abstraction. Similarly,
design science emphasizes abstraction and innovation in artifact creation but often
defers evaluation to a subsequent stage, thereby potentially hindering timely feedback
and refinement. Moreover, technology transfer models, while effective in promoting
collaboration, may sometimes prioritize the collaborative aspect over problem-solving
efficacy, necessitating the involvement of multidisciplinary initiatives to overcome
inherent limitations. In the realm of Information Systems, another methodology perti-
nent to industry-academia collaboration has emerged: Action Design Research (ADR)
(Sein et al. 2011; Cronholm and Gobel 2022). There is evidence on the successful use
of ADR across various fields (Haj-Bolouri et al. 2018; Cronholm and Gobel 2019), and
it is gaining attention in empirical software engineering, as underscored by Ralph et al.
(Ralph 2014) and a recent publication by Diaz et al. (Diaz et al. 2022). The integration
of ADR into empirical software engineering methodologies offers promising avenues
for enhancing collaboration effectiveness and advancing research outcomes.

ADR is a research methodology that has demonstrated that it is possible to apply action
research to solve an organization’s problem together with design science to produce an arti-
fact that solves that problem (Sein et al. 2011). It is, the organizational problem is tackled
through an artifact (i.e., a new method or a new tool) whose design and evaluation is con-
ducted within the organization (Sein et al. 2011).

ADR conceives artifact design as a result of a researcher-practitioner collaboration
within an organization. Figure 1 reproduces ADR stages and principles (Sein et al. 2011).
The first three stages conform an iterative sequence where tasks are intertwingled till dis-
tilled into the final learnings at the end of the project. Arrows stand for influential flows.

The description of each ADR stage is as follows:

Problem Formulation. The first stage is triggered by a problem or need encountered
in practice or predicted by researchers. It serves as a catalyst for developing a research
strategy. This stage draws on two principles: Practice-Inspired Research and Theory-
Ingrained Artifact (Sein et al. 2011). The former emphasizes viewing organization prob-
lems as knowledge-creation opportunities. The second principle highlights that the inter-
vention (i.e., the IT artifact) is to be informed by theories and existing knowledge that
grounds design decisions.

Building, Intervention, and Evaluation (BIE). This stage builds upon the problem
framing and theoretical premises adopted in stage one. These premises provide a plat-
form for generating the initial design of the IT artifact. From here on, the IT artifact is
further shaped by organizational use and subsequent design iterations using Sein et al’s
principles (Sein et al. 2011): Reciprocal shaping (i.e., the IT artifact and the organiza-
tion feedback each other: prototypes or pilot projects serve to profile the interpretation
of the organizational environment that help a better fit in subsequent versions), Mutu-
ally influential roles (i.e., researchers and practitioners bring complementary insights),
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( 1. Problem Formulation w /—\
-— 3. Reflecti_on
Principle 1: Practice-Inspired Research and Learning
Principle 2: Theory-Ingrained Artifact
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2. Building, Intervention,
and Evaluation
Principle 3: Reciprocal Shaping
Principle 4: Mutually Influential Roles
Principle 5: Authentic and Concurrent
Evaluation \ /
4. Formalization of
Learning

Principle 7: Generalized Outcomes

Fig.1 The ADR method (from (Sein et al. 2011))

and Authentic and concurrent evaluation (i.e., authenticity is a more crucial element
for ADR than controlled conditions, thus assessment should take place within the com-
pany and throughout the research).

Reflection and Learning. ADR involves more than merely solving a problem to
an organization. To guarantee that contributions to knowledge are made, conscious
reflection on the problem framing, theories adopted, and the emerging IT artifact are
critical. The principle is termed as Guided emergence where ‘emergence’ captures this
notion of unanticipated consequences that arise during the intervention in the organi-
zation and to which researchers should be sensitive to (Sein et al. 2011).

Formalization of Learning. At this point, we reach an artifact that brings with
it some premises about the problem framing and the organization setting (i.e., an
ensemble artifact). Both, the problem and the artifact can be generalized. Sein et al.
(Sein et al. 2011) suggests three levels for achieving such generalization: (1) gener-
alization of the problem instance, (2) generalization of the solution instance, and (3)
generalization of mechanisms through design principles. Design principles transcend
the specifics of IT implementation, focusing instead on the abstract mechanisms that
underpin the utility and functionality of a solution. They should provide cues about
the goal that need to be achieved and how, so enabling the understanding of how to
use the solution.
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2.2 Previous Collaboration with Modeliosoft

The research presented in this paper has been performed in the context of a long-term
industry-academy collaboration between Softeam Group' and the GESSI research group
at the Polytechnical University of Catalunya”. Softeam is a software-development organi-
zation with more than 1300 employees, providing “high-quality services and solutions
in strategy, consulting, finance, digital, big data, analytics, performance and operations”.
Our collaboration started in 2017 in the context of Q-Rapids (H2020 EU project - Qual-
ity Aware Rapid Software Development project n.d.), a European-funded research project.
We interacted specifically with Modeliosoft, one of the Softeam’s subsidiary firms. The
general goal of the collaboration is to find feasible solutions for improving Modeliosoft’s
decision-making processes. As suggested by the continuous and collaborative technology
transfer model proposed by Mikkonen et al. (Mikkonen et al. 2018), the vision of our long-
term collaboration is based on promoting business case driven short-term goals (mainly
promoted by Modeliosoft’s needs) that can be rapidly validated in short collaboration
cycles, leading to prompt results. Thus, the initial collaboration cycle resulted in the devel-
opment and implementation of a method called SESSI (Specification and Estimation of
Software Strategic Indicators), which has been published elsewhere (Manzano et al. 2021).
The SESSI method enabled Modeliosoft to specify, assess, and monitor relevant software
indicators by leveraging corporate repositories and expert knowledge. Since then, some
software indicators have been continuously monitored in the company through their corpo-
rate dashboard.

This section describes the Indicator Estimation Models used in Modeliosoft and their
monitoring infrastructure in order to understand the context where the forecasting solution
proposed in this paper is envisaged.

The Indicator Estimation Models used in Modeliosoft are based on Bayesian Networks
(BN). A BN is a probabilistic graphical model that represents a set of nodes (variables) and
their conditional dependencies via a directed acyclic graph (DAG) (Pearl 1985). BNs are
a well-known instrument to build models from data and/or domain experts’ knowledge for
the estimation of variables under uncertainty conditions (Tosun et al. 2017). The construc-
tion of these models in Modeliosoft relies on domain experts’ knowledge and is supported
with corporate repositories’ data exploitation as detailed in (Manzano et al. 2021).

The meaning of a software indicator is represented through a hierarchical structure of
nodes. Such hierarchy is considered the DAG of the BN. The top-most-level node of the
hierarchy represents the software indicator itself. At its turn, the software indicator is hierar-
chically decomposed into other meaningful aggregations called derived measure nodes (i.e.,
intermediate nodes). The lowest-level nodes are called base measure nodes. In addition,
each node has associated a Conditional Probability Table (CPT). CPTs enclose information
provided by domain experts, such as: a) the potential states of the node, and b) the condi-
tional probability distribution of the node given the different states of its parents (if any).

As an example, Table 1 shows the hierarchical definition of the Product Readiness indi-
cator (currently used in Modeliosoft), the semantic of each node and its potential states as
defined by domain experts from the company. It also denotes the data sources where the
values of the base measures are extracted. Figure 2 illustrates the Product Readiness Esti-
mation Model as a BN and its inferred values for a specific point of time.

! www.softeamgroup.fr/en
2 https://gessi.upc.edu/en
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The inference process to compute the nodes’ states and their probabilities is performed
through belief propagation over the BN. It requires that base measure nodes are connected
to corporate repositories for collecting base measure values (through specially designed
data collectors). Base measure values serve to feed base measure nodes and propagate such
evidence up to the BN.

Enabling this inference process requires that the continuous values of each base measure
extracted from corporate repositories are discretized. Such discretization is mainly required
by domain experts as they find that quantifying the information of each CPT using discrete
states is easier than using continuous values. In addition, the definition of discrete states
allows domain experts to denote semantics into the labels of the states at their conveni-
ence (e.g., bad-good, low-high, not ready-ready). Therefore, when building the Indicator
Estimation Model, domain experts have to define discretization functions to transform the
numerical values collected from data collectors into the corresponding states of each base
measure node.

For example, from Fig. 2, we can observe that when the base measure values for Devel-
opment Task Completion and Specification Task Completion are collected and discretized
into the “VeryHigh” state and the rest of the base measure values (Postponed Issues Closed
Ratio, Build Stability, Passed Tests Percentage, and Critical Issues Closed Ratio) are dis-
cretized into the “Medium” state. These states will propagate up and infer the probability
distribution {NotReady =13.2%, Neutral =25.9%, AlmostReady =38.2%, Ready =22.7%}
for the Product Readiness indicator. Note that the Product Readiness Estimation Model
does not provide deterministic assessments but actual probabilities. Given the combination
of base measure values fed, the estimation model provides the AlmostReady state as the
most probable one for the software indicator in such specific time. This can be interpreted
as the presence of uncovered critical issues and untested code may hinder the readiness of
the product to a great extent.

Some of the benefits of using the previous BN-based structure for the Indicator Estima-
tion Model as stated in (Manzano et al. 2021) are:

a) The hierarchical structure of the Indicator Estimation Model allows explainability as the
states of the software indicator can be traced down in the hierarchy, thus to the causes
that led the states of each node.

b) The probabilistic nature of the Indicator Estimation Model helps to deal with the uncer-
tainty of typical situations in software development. For example, the fact that software
repositories might have some values missing (Twala et al. 2005; Mockus 2008; Twala
and Cartwright 2010) (i.e., periods where there are no registered base measure values).
So, in cases where some values are missing, the Indicator Estimation Model uses the
prior probabilities of the base measure nodes for inferring the states of the software
indicator and its derived measures.

To enable the monitoring infrastructure, the Indicator Estimation Model and its cor-
responding data collectors were operationalized using Netica® software and the APIs pro-
vided by the unBBayes BN framework (Matsumoto et al. 2011), respectively. For the case
of the Product Readiness indicator, the inferences are computed daily. Therefore, its asso-
ciated data collectors were configured to run daily for collecting data and computing the
base measure values that feed the Product Readiness Estimation Model. Further details of
the architecture of the monitoring infrastructure used in Modeliosoft are provided in (Man-
zano et al. 2021).
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Fig.2 Product Readiness Estimation model

3 Research Design

The work presented in this paper refers to a new collaboration cycle with Modeliosoft.
It builds upon the previous cycle and was motivated from the company’s desire to
enhance their decision-making processes by incorporating forecasting capabilities. The
focus of this collaboration cycle was on envisaging a forecasting solution for Modeli-
osoft and the evaluation of its suitability and feasibility. So, the general research ques-
tion was:

How to envisage a suitable and feasible forecasting solution for Modeliosoft?

Various factors and considerations guided our methodological decisions regarding how to
approach this industry-academia collaboration. Alongside the fundamental assumption of
establishing short-term collaboration cycles, some of the most relevant ones include:

e The intended forecasting solution should be packaged as an artifact.

— Modeliosoft’s intention was to package the forecasting solution as an “organiza-
tional procedure or method”, essentially an ensemble artifact that encompasses both
procedures and software support tools. This would facilitate the transfer of acquired
knowledge to other projects within the company.

— The researchers agreed on the benefits of packaging the forecasting solution, recog-
nizing its potential for dissemination. In addition, the researchers emphasized the
significance of shaping the resulting artifact to the organizational context, as high-
lighted by Wohlin et al. (2015).
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e Deep researchers’ involvement.

— Modeliosoft acknowledged a lack of expertise in forecasting solutions, which
demanded a deep researchers’ involvement to provide the necessary support.

— The researchers were sought to get deeply involved in the problem solution in
order to enhance their capacity to co-produce knowledge in industrial contexts
and transfer such knowledge to other similar contexts.

Taking these factors into account, we opted to employ Action Design Research (ADR)
(Sein et al. 2011). As detailed in Section 2.1, ADR entails collaborative endeavors between
researchers and practitioners to devise artifacts, such as new methods or tools, with the aim
of addressing specific organizational issues. Notably, ADR underscores that artifact design
and evaluation take place within the same organizational context. This was especially
helpful for our purpose of envisaging a short-term collaboration cycle. Moreover, ADR
facilitates the generation of prescriptive design knowledge applicable to similar challenges
across diverse contexts, aligning with the researchers’ interests of transferring knowledge
to other contexts. Therefore, we deemed ADR as a suitable choice to fulfill the collabora-
tion requirements and foster a mutually beneficial outcome for both industry and academia.

An ADR Team was formed with a combination of researchers (the UPC authors who
had previously participated in the earlier collaboration cycle) and two representatives from
Modeliosoft. One of the representatives held a high-level strategic position within the
company, while the other had a project leader role with extensive operational knowledge.

Utilizing the stages and principles outlined by ADR (as detailed in Section 2.1), the ADR
Team came to a consensus on the corresponding goals, research questions and most suitable
activities for each ADR stage under the constrains and resources of our collaboration.

Therefore, in alignment with the overarching research question of our collaboration
cycle, each stage of the ADR-based process was designed to fulfill a specific goal corre-
sponding to one or more research questions, as delineated below. Table 2 provides a sum-
mary of these goals, research questions, activities, and the main assets generated.

e Problem Formulation:

— RQ 1.1- What are the forecasting challenges faced by Modeliosoft and which class of
problems do they exemplify? This inquiry was addressed through activities 1 and 2 (refer
to Table 2), with detailed discussions presented in Sections 4.1 and 4.2 respectively.

— RQ 1.2- How can we envision a forecasting solution for Modeliosoft based on the cur-
rent state of the art? Activities 3 and 4 (see Table 2) laid the groundwork for tackling
this question, with further elaboration provided in Sections 4.3 and 4.4 respectively. It is
worth noting that these activities set the basis for the subsequent ADR stage (Building,
Intervention, and Evaluation).

¢ Building, Intervention and Evaluation (BIE):

— RQ2.1- How to build Indicator Forecasting Models that help to automatically fore-
cast the values of the software indicators currently used in Modeliosoft? This question
prompted an iteration by the ADR team resulting in the design of the FOSI method,
outlined as activity 1 of the BIE stage in Table 2, and detailed in Section 5.1.

— RQ2.2- How is the use of the FOSI method in the pilot project? This query aimed to
guide the design and evaluation of the FOSI method in a Modeliosoft pilot project, as
documented in Table 2 and further expounded upon in Section 5.2.

@ Springer



Page 11 0f49 153

Empirical Software Engineering (2024) 29:153

‘spoyjoul Surses9I0) SUrSIXd Uo Paseq
uonnjos Sunsesaroj Areurwrfaid e paSesiAud om ‘yoreds
QINJRIAI] B IO}V "SILIOAY] JuNSIXd Aq pawIojul 9q
pInoys 1oejnIe Y, :(gd) 1o0firty pauiviSuf-£402y |

‘swa[qoid Je[IwIs 9oej Jey) SUONeZIuesIo JY)0
10§ Arunjzoddo uoneard a3pajmour| B Se SIAIDS Jey)
uonnjos Junsesaoy B uneard-0d £q 1JOSOI[OPOIA JO
so3ua[[eyd SunsesaIo] Ay} YIim [BAp O} UOISIA B Aq
UQALIP Sem UoIBasy :([d) Y24pasad paidsui-2013o04d

(¥t uonoag 993)

‘uon

-NJOs SunsesaIo,] Areuruiaig
(€'t uoNoag 99G)

‘soyoeordde Sunsesaloj s10jed
IPUT 2T2M1JOS UO JIOA PaIe[oy
(Tt uonoag 993)
‘soy1jdwoxe

11 sworqoad ayy 1am wapqold
1JOSOI[OPOJA] JO JUSWISSISSY

(1" UONIAS 33G) ‘UoNN|os
papuajul ) AQ pIssaIppe 2q
pInoys 1ey syuswannbar Jo 19§

(T 10¥) -omeray Sunsrxo
9} Uo pPaseq uoONN[Os Jursed
210} Areururjaid e oFesiaug -4

(@109 43S
ur soyoeoidde Sunsesaioy 10)ed
-IPUI UO QINJRINI] S MOIATY -

*SUOISSIS UOISSNISI(T -
(r'ow

‘swarqolid Jo ssefo e jo doue)
-sur ue se wopqoid oy 1se) - ¢

*(Auedwiod ay) ut s[oo) pue
S9seqRIEp) AINONISEIJUT PUR
‘sampao0id SunsIxa Jo MAIANY -
*SMITAIOUT PAINJONIS-TWAS -

"SUOISS3S UOISSNOSI(T -
(I'TOY) 'spadu

pue worqoid 3ursesaro]
S )JOSOI[OPOJA] pueIsIapu) -'|

*soyI[dwox 1 SwWo[
-qoid jo sse[o oY) Se [[om se
woqoxd 3ur)sesalo] s 1Josor
-9pOJA 2y} 9doos pue Ajriuopy

uone[NUWIO,] WI[qoIg

parfdde sidoutd Yav

SJ9SSY Ponpoid UTe[

SONIATIOY UIRIY

120D

age1s

uopnonpoid sjesse pue se0S ‘SONIATIOR JO S[TeId g d|qel

pringer

As



Empirical Software Engineering (2024) 29:153

153 Page 12 of 49

-91qrssod se paured a3pa[mouy yonur se
Jzi[eraudd pue Joensqe oJ, :(Ld) SauodmnQ paziyniauasy

"JJOSOI[PPOIN

woly sAFuL[eyd [ed130[0UYD) PUL [RUONRZIUETIO
Suroey pue sordrourid Y Qv 2y3 1opun poylow SO
QYY) PAILa1d-00 Wea], YAV UL :(9d) 2ouds.outry paping

*3UI9s 1JOSOI[APOIN
ONUSINE Ue UI UOP SeM POYIOU [SO.] 9} JO JUSWISSISSE
YL :(Sd) uoupNIpA JUILINIUOY) PUD IUIYINY

‘siySisur Areyusws[dwod papraoid wea, YAV 2Yp Jo
$s0001d UOTEAID-00 S, () S270y [rruanyfuy Konmpy
*SIOUOIEASAI AU} PUE JJOSOI[OPOJAl AQ PROUSNYUI SeM
poyiewt [SOA Ay Jo uSisap oy :(gd) Surdpys pooudioay

(CRUGIRENESY)
POyl [SOA =41
A1dde 0y sodrournid uSisog-

(G pue { UONo9g 99G)
"100f01d oy JnoyInory ureay,
AAV 2y} Suowre SUoIssas

S UOISSNOSIP [Te WoIj SHYIIsuy

(T's uondag 935)
JOSOIIPOI

ura 309{014 014 © U1 pou
-9JAl ISOA 94} Jo uonen[eas

(1°G uonoag 99g)
"POYIRI ISOH uonnjos
3unsesaI0, S,1JOSOI[IPOIA

#OY) "sadess snoradxd
SuLmnp uoye) SUOISIOP pue
SUOTSSAS UOISSNOSIJ-"|
(¢O¥) AjSurpiodoe jsnipe

0) S[e03 pajels 0) Surpiodoe
S)[NSAI UONUAAIONI OZATeUY -'¢

(€OY) 'serdiound Yyav

suonezIuesIo 1oyjo Sur
-djoy 10} s3urures] ayy 10enSqy

S)[nsax

03 S9ouaIaype 9en[BAY -'C  suonuoatayur pue sapdourd
(cO¥) 1eload YAV o[oym Yy 03 seduaraype Junen|
oY) Sunnp uonnjos Ay} Jo -BAS ‘UONN[OS S)I pue wajqoid

uS1SOp 9y} UO UOTIOIPSY -'] 1JOSOI[APOIAl Y3 UO 1II[JoY

‘szouonnoeid
1JOSOI[QPOJA] WO} UoTE
-N[eAR Yorqpagj JoTdXy -
“109foxd jo11d s 3j0s0110
-POJA & Ul poyjott [SOA
ay) A1dde 03 Apnys ased
© JO UONNooxa pue usIsa(] -
(T'20Y) "poyrewt
ISOA 243 jo uonenjesy -'g

*3unseoa10j

105 s100) 110ddns aremijos

pue sampadoid dojoaap 0y

1JOSOI[OPOJA WIOIJ S)ase)ep
3uIsn SUOISSas UO-SPUBRH -
*SUOISSas Surwiojsurerq -

JOSOIPOIN

(1'2O¥) "uonnjos 10j uoIN[os JurIseII0) ©
Sunseoa10§ Y} Jo uSISo -] len[eAd puk uSIsop A[oAneIN]

SuruIed JO UOTBZI[BULIO]

SuruIes pue UONIIPIY

(g19) vonenfeay
pue uonuUAIIU] ‘Surpring

pardde odiourd Yav

19SSy Paonpoid UTeJA

SOLIANOY UIRJy

[e0D

age1s

(ponunuoo) zs|qey

pringer

A s



Empirical Software Engineering (2024) 29:153 Page 130f49 153

e Reflection and Learning:

— RQ3- How can the ADR-Guided Emergency principle be effectively applied throughout
the collaboration cycle? As indicated in Table 2, this inquiry was addressed through the
execution of three activities that spanned the entire collaboration cycle. These activities
served as guiding principles for our decisions and adjustments made throughout the
collaboration cycle and are reported within the context of the other stages.

e Formalization of Learning:

— RQ4- How can the insights gained from the design and evaluation of the FOSI method
be abstracted to assist other organizations facing similar challenges? To distil the
insights gleaned from the design and evaluation of the forecasting solution for Modeli-
osoft, we performed the activity outlined in Table 2, as elaborated upon in Section 6.

Figure 3 illustrates the participants and outputs of each ADR stage. Table 2 and Fig. 3
also assist the reader by indicating the section that provides further details on each aspect.

4 ADR: Problem Formulation
4.1 Understanding Modeliosoft’s Forecasting Problem and Needs

To identify and scope the organizational problem, the ADR Team engaged in a thorough
analysis of the current practices and forecasting challenges within Modeliosoft. To do
so, the ADR Team interacted in situ with key stakeholders involved in decision-making
tasks (2 leaders with strategic responsibilities, 2 project leaders and 2 operational person-
nel) through semi-structured interviews and focus groups. The goal was to collect data and
information related to their forecasting needs, decision-making processes, software indica-
tors in use and data availability. The execution of the semi-structured interviews and focus
groups is reported in (Q-Rapids, Q-Rapids Deliverable D3.1 2018). As a result, an initial
set of high-level forecasting requirements were stated, as shown in Table 3.

4.2 Casting Modeliosoft’s Forecasting Problem as an Instance of a Class
of Problems

Forecasting requirements can vary widely depending on the context and the specific needs
of the organization or project. To cast the Modeliosoft’s forecasting problem as an instance
of forecasting problems that face similar organizations, we integrated the activities of elicit-
ing and assessing the Modeliosoft’s forecasting problem with literature review and discus-
sion sessions with colleagues from other projects related to decision-making support, spe-
cifically, with colleagues that participate in Q-Rapids (H2020 EU project - Quality Aware
Rapid Software Development project n.d.), VISDOM?® and D3M®*. These colleagues had
first-hand knowledge about usual requirements regarding forecasting in the organizations

3 Visual Software Diagnostics project. https://visdom-project.github.io/website/
4 Automated Data-Driven Decision Making. D3M project. https:/d3m.upc.edu/en
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Reflection and Learning

Fig.3 ADR stages involved in the development of the FOSI method

participating in these projects. This holistic approach enabled us to conceptualize the prob-
lem as a representative instance of forecasting problems within software development organ-
izations. Through these collaborative efforts, the ADR team distilled that R1, R2, and R3
are reasonably shared requirements among software-development organizations, while R4
and RS5 exhibit a higher degree of dependency on each organization’s unique infrastructure.

4.3 Related Work on Software Indicators Forecasting Approaches

In addressing Modeliosoft’s forecasting needs, we searched for existing proposals within
the domain of software indicators forecasting. In this section, we detail our assessment of
the coverage of Modeliosoft’s requirements by such existing proposals and discuss their
limitations. A summary is provided in Table 4.

Despite the lack of comprehensive solutions meeting all of Modeliosoft’s requirements,
these existing proposals still provided valuable insights and ideas that help us to shape the
tailored solution for Modeliosoft.

Regarding R1 (Automated software indicators forecasting), we considered two key
aspects:

e Indicator adaptability: This aspect aims to evaluate the proposal’s capability to
forecast the values of diverse software indicators rather than being limited to specific
ones. This is because Modeliosoft’s R1 requirement emphasized the need for forecast-
ing models capable of predicting values for any software indicator. Our analysis (see
Table 4) highlights a prevailing pattern in existing literature, wherein the majority of
works focus on developing forecasting models tailored to specific software indicators
(e.g., reliability, software defects, maintainability, work effort, quality, technical debt,
etc.), rather than offering a generalized approach applicable across various indicators.
Notably, Thorstrom’s work (Thorstrom 2017) stands out as an exception to this, empha-
sizing the potential for more versatile methodologies. This observation underscores a
significant limitation within current proposals, particularly for companies like Modeli-
osoft, which rely on multiple software indicators.
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e Corporate Repositories. This criterion evaluates the proposal’s ability to leverage
corporate knowledge stored in repositories such as continuous inspection/integration
tools, project management platforms, or issue trackers. While all the reviewed propos-
als used data repositories, the majority relied on open-source or public datasets such as
PROMISE? or ISBSG® datasets. This indicates a predominant focus on demonstrating
algorithmic efficacy rather than assessing feasibility within real organizational contexts
and existing infrastructures, as such datasets lack a genuine organizational context that
allows organizational deployment.

The intended Modeliosoft’s forecasting solution should be designed to provide a flexible
forecasting approach capable of forecasting the values of any software indicator from cor-
porate knowledge repositories, thereby enabling Modeliosoft to gain valuable insights from
their corporate knowledge.

In regard to R2 (Missing values and explainability), we explored how existing forecast-
ing proposals in software engineering dealt with the following aspects:

e Missing values: This aspect evaluates the proposals’ ability to explicitly address how
to handle missing values in the datasets. A notable observation is that a significant por-
tion of existing forecasting proposals (12 out of 17) do not provide explicit guidance
on handling missing data periods. This omission poses a considerable constraint, espe-
cially considering that software companies often contend with large volumes of het-
erogeneous longitudinal data, frequently interrupted by roll-backs or the incremental
nature of the software development process. Addressing this constraint is paramount
for the development of forecasting methodologies capable of effectively navigating the
complexities inherent in corporate repositories.

e Explainability: This criterion denotes the capacity of the proposal to provide explain-
ability for the forecasting values. Despite the increasing demand for explainability
capabilities to enhance decision support systems (Chazette and Schneider 2020), most
existing forecasting proposals overlook the incorporation of explainability features.
Nevertheless, some of these proposals utilize indicators comprising aggregated lower-
level metrics (e.g., (Wagner 2009; Van Koten and Gray 2006)) or integrate causal mod-
els into their forecasting processes (e.g., (Amin et al. 2013; Kumaresan and Ganeshku-
mar 2020)). These elements present promising avenues for enhancing the explainability
of forecasted software indicators values. We got inspired from such aggregation of
lower-level metrics presented in these existing works when designed the preliminary
forecasting solution for Modeliosoft.

Our investigation revealed that while machine learning and deep learning techniques
have garnered attention and achieved relevant results across different domains, their lack of
interpretability (Rique et al. 2023) rendered them unsuitable for the forecasting purposes
of Modeliosoft. Conversely, Bayesian networks provide explainability of the knowledge
encapsulated within their representations and are also capable to deal with missing values
(Tosun et al. 2017; Rique et al. 2023). This influenced our decision of basing the Modeli-
osoft’s forecasting solution on Bayesian network premises (as explained below).

For R3 (Minimal specialized knowledge to build forecasting models), we examined
various key aspects, including the proposals’ prescriptiveness, provision of tool support,

5 http://promise.site.uottawa.ca/SERepository/datasets-page.html
® https://www.isbsg.org/
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and their forecasting characteristics facilitating the construction of forecasting models. By
assessing these aspects, our aim was to analyze whether the proposals offer a user-friendly
approach to building forecasting models, thereby reducing the necessity for specialized
expertise and improving accessibility for a wider range of users within organizations like
Modeliosoft.

e Prescriptive steps for model construction: This aspect assesses whether the proposal
offers detailed guidance on the necessary steps for constructing the forecasting model.
It serves as an indicator of the level of specialized knowledge required for implementa-
tion. As observed in Table 4, various proposals offer, to varying degrees, informal pre-
scriptions of the steps involved in building the forecasting models.

e Tool support: This criterion evaluates whether the proposal integrates tool support to
facilitate the construction of the forecasting model. The presence of tool support can
notably diminish the requirement for specialized expertise and streamline the modeling
process. Despite several proposals providing prescriptive steps for building forecasting
models, the availability of tool support was relatively limited.

e Forecasting approach: This aspect aims to delineate the scope of the proposed fore-
casting and how the forecasting model is constructed. Our analysis, shown in Table 4,
reveals that the assessed forecasting proposals can be categorized as:

e Comparison (C): These proposals aim to compare the efficacy of different forecast-
ing techniques (e.g., ARIMA, Decision Trees, BN, Logistic regression) rather than
to propose a specific forecasting model for a task at hand.

e Single Model (SM): These works aim to build a forecasting model based on a sin-
gle forecasting technique.

e Best Fitting Model (BM): These proposals employ multiple forecasting techniques
and selects the best model for the task at hand.

e Ensembled Model (EM). Ensemble modeling involves creating multiple diverse
models to obtain intermediate outcomes, which are combined through particular
mechanisms, to predict the forecasted outcome. For example, in the work of Pospi-
enszny et al. (Pospieszny et al. 2018), an ensemble averaging of three machine
learning algorithms are proposed for forecasting software project effort and dura-
tion.

The diversity of forecasting approaches discovered led us to realize that proposals cat-
egorized as (C) or (SM) did not align with Modeliosoft’s goal of a forecasting solution
suitable for any software indicator. Comparisons (C) were disregarded because they do not
propose any forecasting model but instead focus on comparing forecasting techniques. Sin-
gle Models (SM) were discarded because a single forecasting technique is not suitable for
pursuing forecasting for any software indicator (Chambers et al. 1971).

The literature has emphasized that Ensembled Models boosts prediction accuracy
(Pospieszny et al. 2018), therefore, for devising the Modeliosoft’s forecasting solution we
decided to use an Ensembled Model approach together with Best Fitting Model principles
to find suitable forecasting models.

R4-RS5 (Deployment into the organizational infrastructure) cater to specific infrastructure
requirements customized for Modeliosoft’s needs. Our objective was to investigate whether
other proposals offer insights into deploying forecasting models in industrial settings,
thereby enabling us to extract valuable lessons. In this context, we documented whether
existing forecasting proposals provide comprehensive details on Industrial Deployment.
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Our analysis, as outlined in Table 4, highlights a significant gap in the literature
regarding industrial deployment within forecasting proposals. Only 4 out of 17 pro-
posals provided some form of industrial evidence, albeit without further infrastructure
details.

Consistent with our findings above, it is evident that very few works utilize data from
corporate repositories; instead, they rely on open-source repositories or public datasets
(Eken et al. 2021; Baltes and Ralph 2022). This reliance on external data sources ham-
pers these proposals’ ability to access crucial organizational context and infrastructure,
thereby hindering their effectiveness in addressing industrial deployment challenges.

4.4 Envisaging a Preliminary Forecasting Solution for Modeliosoft

Based on the insights gained in the previous activities, the ADR Team reached a con-
sensus on conceptualizing a preliminary solution: to build an ensembled model, called
Indicator Forecasting Model based on the Indicator Estimation Model (already exist-
ing in Modeliosoft and inspired on Bayesian network premises, as described in Sec-
tion 2.2). The principles of Best Fitting Model would be applied to build forecasting
models based on state-of-the-art forecasting techniques for each base measure node of
the Indicator Estimation Model that requires it. The decision to pursue this preliminary
solution was based on the following reasons:

e In-house expertise: Modeliosoft possessed internal knowledge and expertise in
building Indicator Estimation Models. This aligns with R3 and R4, which empha-
sized leveraging in-house know-how and capabilities.

e Availability of historical data: The existing Indicator Estimation Models had been pre-
viously used, which ensured the availability of historical data on estimations of some
software indicators. This availability of data, along with the presence of data collectors,
met R4 and provided a valuable resource for developing the forecasting model.

¢ Handling missing values and explainability: The current BN-based nature of the Indica-
tor Estimation Models already addressed potential issues related to missing values and
explainability (Manzano et al. 2021). This alignment with R2 was crucial, as incomplete
data and explainability are significant challenges faced by state-of-the-art forecasting
techniques in real-world applications (Schelter et al. 2018). By building upon the exist-
ing structure, the complexity of finding a suitable forecasting solution was reduced.

e Automation, Reusability and Integration: the use of the Indicator Estimation Models
as the basis for assembling the Indicator Forecasting Model facilitates the reusability
and integration of new components (R1) into Modeliosoft’s dashboard for visual-
izing the forecasting results. This met R5 and ensured a seamless integration of the
forecasting capabilities within Modeliosoft’s existing infrastructure.

e Cost-effectiveness: Implementing the preliminary solution based on the existing
models (R4) was considered the most cost-effective alternative. It minimized the
need for extensive retraining, significant changes to the infrastructure, or the acquisi-
tion of new technologies or tools.
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5 ADR: Building, Intervention and Evaluation

Based on the reasons outlined in the previous section, the ADR Team decided to pro-
ceed with assembling the forecasting solution.

To do so, the ADR Team collaborated closely to conceive the Indicator Forecasting
Model, guided by the principles of Reciprocal Shaping (P3) and Mutually Influential Roles
(P4). This collaborative approach ensured that such construction was informed by the insights
and expertise of both Modeliosoft representatives and the researchers, who shared a back-
ground in software development. Modeliosoft representatives contributed domain expert
knowledge and knowledge about the company’s decision-making expectations, and provided
access to proprietary data and infrastructure. Researchers brought forecasting experience and
business processes expertise to guide the team in defining suitable processes and developing
software support tools for supporting the construction of the Indicator Forecasting Model.

The ADR team leveraged anonymized data obtained from Modeliosoft’s repositories.
A portion of this data was utilized to prototype procedures for constructing the Indicator
Forecasting Model, while the remainder was employed to validate the effectiveness of the
resulting model. This iterative process involved hands-on experimentation with the data and
testing to devise a tool-supported approach for constructing an Indicator Forecasting Model
exploiting the available data and domain expert’s knowledge from Modeliosoft. Subse-
quently, the ADR team focused on deploying the resulting Indicator Forecasting Model onto
the company’s actual infrastructure. This iterative approach ultimately culminated in the
development of a method called FOSI (Forecasting Of Software Indicators) for Modeliosoft.

5.1 Modeliosoft’s Forecasting Solution: The FOSI Method

The FOSI (Forecasting Of Software Indicators) method comprises two distinct phases
designed to establish a robust infrastructure for forecasting software indicators. Phase 1
provides the steps for constructing and evaluating an Indicator Forecasting Model lev-
eraging domain experts’ knowledge and repository data from the Modeliosoft’s reposi-
tories. It addresses the requirements R1, R2, and R3. Once the Indicator Forecasting
Model meets the performance threshold deemed acceptable by domain experts, Phase 2
involves its deployment within Modeliosoft’s infrastructure. Such deployment addresses
requirements R4 and RS5. Figure 4 provides an overview of the FOSI method, illustrat-
ing the sequential flow of activities across both phases.
The details of each phase of the FOSI method are presented below.

5.1.1 Phase 1: Building and Evaluating an Indicator Forecasting Model

Based on the BN nature of the Indicator Estimation Model, its corresponding base
measure nodes are fed with the discretized forecasted values of each base measure. The
aim is to propagate such states up to the BN and get the forecasted states and probabili-
ties for all nodes up to the software indicator.

To forecast the values of the base measures, additional models/databases should be
built using the available historical data. This phase of the method has five steps. The
first two steps require information that should be defined by a role that understands why
and for what the intended Indicator Forecasting Model is needed.
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Fig.4 Overview of the FOSI method

Step 1: To define the forecasting horizon and the corresponding training and validation
sets. The forecasting horizon defines the length of time into the future for which forecasts
are to be computed. Once the forecasting horizon has been defined, the very first action is
to split the available software indicator estimation historical data into training and valida-
tion sets. The selection of suitable training/validation splits is quite important because as
more random variation in the historical data, more data will be needed for obtaining fore-
casting models that suitably capture such variations (Hyndman and Kostenko 2007). In
other words, the more training data is available, the higher the potential performance of the
forecasting (Armstrong 2001). Suitable splits depend on the amount of available software
indicator estimation historical data and the desired forecasting horizon. Commonly used
splits are 70%—-30% or 80%—20% for training and validation sets, respectively (Raschka
2018). Hyndman and Athanasopoulos (Hyndman and Athanasopoulos 2018) also recom-
mend that the validation set should be at least as large as the forecasting horizon.

Step 2: To define the expected performance threshold. The expected performance threshold
refers to the extent to which the intended Indicator Forecasting Model predicts well-founded
values. Given the characteristics of the Indicator Forecasting Model to be obtained (see further
details in Step 5), for quantifying its performance, we propose the following metrics.

e Accuracy: To determine the percentage of correct predictions made by the Indicator
Forecasting Model. It is obtained by calculating the percentage of matches between the
forecasted states vs. the estimated states for the validation period.

e F1 score: To determine the Indicator Forecasting Model’s balanced ability to both cap-
ture positive cases (recall) and be accurate with the cases it does capture (precision).
The best value of F1 score is 1 and the worst is 0 (Galdi and Tagliaferri 2018). A high
F1 score indicates that the Indicator Forecasting Model is good at predicting both posi-
tive and negative cases, which is important for minimizing erroneous predictions.
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We suggest these two metrics for evaluating the performance of the Indicator Forecast-
ing Model because accuracy is a reliable metric as long as the dataset has an equal number
of samples for each class. However, there would be scenarios where there is no such a
balance and leveraging accuracy is not ideal. So, for imbalanced data, F1 score comes to
rescue as it considers not just the number of predictions that were incorrect but also the
type of errors (false positive and false negative). Hence, the percentage of accuracy and F1
score for the Indicator Forecasting Model should be equal or higher to the expected perfor-
mance threshold defined.

In addition, as the Indicator Forecasting Model deals with probability distributions, we
considered pertinent to complement its evaluation with two additional metrics:

e Jensen-Shannon distance: It measures the distance between two data distributions
showing how different the two distributions are from each other (Fuglede and Topsoe
2004). Hence, we applied it to measure the distance between the probability distribu-
tions of the forecasted states inferred by the Indicator Forecasting Model and those
from the validation set. A value close to zero indicates that the probability distributions
are quite similar, thus confirming the accuracy of the forecasted values.

e Base measure contribution error: It aims to quantify the relative importance of the base
measure nodes (only those that have a forecasting model) together with their poten-
tial prediction error. It is calculated by averaging the difference across the validation
set between the Jensen-Shannon distance metric value of the indicator node versus the
corresponding Jensen-Shannon distance metric of the base measure node when feeding
only its individual forecasted value (i.e., using the prior probabilities of the model for
the other base measure nodes).

While the Jensen-Shannon distance metric helps to confirm the confidence on the accu-
racy of the forecasted values of the nodes, the base measure contribution error metric pro-
vides insights on the relative contribution of the node to the potential forecasting errors of
the indicator.

Step 3: Classify base measures. This step aims to determine how to forecast the base
measure values of the Indicator Estimation Model using the training set. Three different
types of base measures were devised. For each type, adequate mechanisms to compute its
forecasted values for the given forecasting horizon were defined. Base measures can be
classified as:

¢ Base measures with Known Future Values: It refers to base measures for which
their future values for the forecasting horizon are known or can be estimated by expert
knowledge. For instance, thresholds or values related to the allocation of resources. For
this type of base measures, the known or estimated values for the forecasting horizon
should be stored (for example, in a database) and used as future values.

e Non-Autocorrelated Base Measures or Base Measure with Missing Values: It
refers to base measures values that do not show any autocorrelation in the training
data (i.e., no past values can predict their future behavior) and/or do not have histori-
cal data available for computing their forecasts. To support the identification of non-
autocorrelated base measure values, we developed the Autocorrelation Test software
tool (see Annex 1 for more details) that allows the graphical visualization and/or
numerical analysis of a time series dataset to assess its autocorrelation. One way to
get the forecasted values of non-autocorrelated base measures and base measures
with missing values is to rely on domain’s expert judgments. However, if it is not
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possible, such values can rely on the prior probabilities of the corresponding base
measure nodes from the Indicator Estimation Model. Note that these prior states also
come from the domain experts that built the Indicator Estimation Model.

e Base Measures with Autocorrelated Values: It refers to base measure values that
show autocorrelation in the training data (i.e., the past values of the time series can
be used as predictors). Forecasting base measures with autocorrelated values based
on the training data led to a time-series forecasting problem. A software companion
tool that generates time-series models was developed (see Time Series Gathering
tool in Annex 1). We aimed to find a suitable forecasting model for each base meas-
ure of this type. The process for finding a forecasting model for each autocorrelated
base measure is described in Step 4.

This proposed classification of base measures aims to optimize the effort invested in
constructing the Indicator Forecasting Model while addressing real-world dataset chal-
lenges. Specifically, it addresses issues such as missing values in base measures, which
are critical hurdles when employing forecasting techniques (Schelter et al. 2018), as
well as, the need for explainability, which are addressed through the Bayesian nature of
the resulting Indicator Forecasting Model.

By classifying base measures based on these three categories, we streamline the pro-
cess of model building. Base measures with Known Future Values can be directly uti-
lized without the need for forecasting models, as their future values are readily avail-
able. Conversely, base measures that lack auto-correlation or contain missing values can
leverage the knowledge derived from the Bayesian network of the Indicator Estimation
Model. Therefore, only auto-correlated base measures necessitate the development of
specific forecasting models. This approach ensures efficient allocation of resources and
maximizes the precision of the Indicator Forecasting Model.

Step 4: To train and select the best forecasting model for each base measure with
autocorrelated values. To automate this step, we decided to implement the hold-out
approach suggested by Cerqueira et al. (Cerqueira et al. 2020). So, we developed a sup-
port tool called Hold-out Approach software kit (see further details in Annex 1). Such
kit allows to select the best forecasting model for each autocorrelated base measure.
The current version of the kit automatizes 11 forecasting techniques. We made sure
that the set of 11 techniques currently implemented covered the three main families of
time series forecasting techniques (see Annex 2): 1) statistical forecasting techniques:
ARIMA, exponential smoothing and decomposition models, 2) advanced forecasting
techniques: Hybrid forecast models (Shaub and Ellis 2020) and Bagged ETS (Bergmeir
et al. 2016) and 3) machine learning-based forecasting techniques: neural networks.
The importance of including at least one technique for each family was based on the fact
that there is not a single forecasting technique providing the best results for every situ-
ation. So, covering the main families of forecasting techniques helps to maximize the
chances of finding an adequate forecasting model for any base measure with autocorre-
lated values. Figure 5 provides an overview of the hold-out approach kit implemented to
support the FOSI method. It consists of two main processes:

(1) Fitting a candidate forecasting model from each of the forecasting techniques included
in the tool using the training set.

(2) To select the best forecasting model. To do so, the set of candidates forecasting models
are used to forecast the base measure values for the same period than the validation
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Fig.5 Overview of the hold-out approach kit software for supporting the FOSI method

set. These forecasted values are then compared with the base measure values from the
validation set.

A composite criteria combining two metrics is used to select the best forecasting model:
a) accuracy, i.e., the percentage of matches between the forecasted base measure values
and the base measure values from the validation set; and b) the Root Mean Squared Error
(RMSE) metric, as it is suggested as a suitable metric to compare results from time series
forecasting models that are in the same numerical scale (Hyndman and Athanasopoulos
2018; Hyndman and Koehler 2006). The ideal values of the RMSE metric should be zero
(meaning that there is no forecasting error). Using this composite criterion, the best fore-
casting model will be the one yielding the highest accuracy and the lowest RMSE value
(prioritizing accuracy).

It is important to remark that the set of forecasting techniques included in the tool, as
well as other configuration parameters are flexible and can be extended as required to deal
with the forecasting needs of Modeliosoft but also for other similar software companies or
purposes.

Step 5: To articulate the Indicator Forecasting Model and evaluate its performance.
Once the corresponding models/databases that get the forecasted values of each base
measure have been built, they should be articulated to ensemble the Indicator Forecasting
Model, that is the main output of Phase 1, as shown in Fig. 6.

The Indicator Forecasting Model is composed by the Indicator Estimation Model and
the additional models/databases for each corresponding base measure. The Indicator Fore-
casting Model provides the software indicator forecasting data (i.e., the forecasting of the
software indicator, that includes all the states of their composing nodes and their probabili-
ties, as well as the forecasted base measure values).

To evaluate the performance of the resulting Indicator Forecasting Model, the
metrics introduced in step 2 are used: accuracy, F1 score, Jensen-Shannon distance
and base measure contribution error metrics. The first two metrics aim to be equal or
above the expected performance threshold while the last two metrics help to analyze
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Fig.6 Summary of Inputs and Outputs of Phase 1

the probability distribution of the Indicator Forecasting Model and identify the base
measure nodes that are most prone to error, respectively. To support such analysis, we
developed a Forecasting Report software tool (see Annex 1) that generates a compre-
hensive report of the required metrics.

In cases where the expected performance threshold is not achieved, several potential
actions should be discussed in order to decide whether:

To relax the stated performance threshold to proceed with the following phase.

To promote the repetition of the previous phases with the aim of improving it. For
instance, increasing the set of historical data, to adjust the forecasting horizon so
that the amount of historical data considered for training the models increases
(Hyndman and Athanasopoulos 2018), or to add new forecasting techniques to the
hold-out approach kit.

Furthermore, the results from the Jensen-Shannon distance and base measure con-
tribution error metrics can provide useful insights to analyze the suitability (mainly
in terms of proximity) of the forecasted probability distribution with respect to the
validation data or even support the decision of revising the base measure forecasting
models (e.g., refit, replace, etc.) that have a high contribution to the error.

5.1.2 Phase 2: Deploying the Indicator Forecasting Model
The decision-support infrastructure of Modeliosoft is based on the Q-Rapids dashboard tool

(Q-Rapids Dashboard Tool n.d.) that is a multipurpose web application with a modular, con-
figurable, and extensive architecture. It is composed of the following decoupled components:
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e The Web Application component receives the user requests from a browser and renders
the results through a graphical user interface for monitoring purposes (User Interface
component) and orchestrates the different dashboard components (Dashboard Orches-
trator component).

e The Data Collection component ingests the base measure values from Modeliosoft’s
corporate repositories through specific data collectors.

e The Indicator Estimation component returns the estimations of the software indicator
(that is, the discretized states of the software indicator obtained using the unBBayes
API to feed the Indicator Estimation Model with the discretized base measures).

The shaded part of the Fig. 7 shows the Modeliosoft’s dashboard architecture before
adding the forecasting components.

To deploy an Indicator Forecasting Model and enable its integration into the Modeli-
osoft’s dashboard, the ADR Team together with Modeliosoft’s software architects extended
such existing architecture. Below, we detail the new components, implemented as services,
and depicted in the non-shaded part of Fig. 7.

e The Web Application component has been extended adding to the User Interface com-
ponent the presentation aspects related to the forecasting requests. Moreover, the Dash-
board Orchestrator component contains a new Forecasting Functionality component
that encapsulates the functionalities related to forecasting and relies on the Indicator
Forecasting component.

e [ndicator Forecasting component. This new component receives as input a forecast-
ing period and returns the software indicator forecasting data for the given forecasting
period. It encapsulates two components:

— Indicator Forecasting Wrapper component. It receives a forecasting period and
sends a request to the Indicator Forecasting Computation component for calculating
the software indicator forecasting data for the given period.

— Indicator Forecasting Computation component. It is in charge of calculating the
software indicator forecasting data for the given period. To do so, it queries the cor-
responding Additional Databases that contain the future values from base measures
with known future values and from base measures with missing values, when pro-
vided by domain experts. The RServe API is in charge of obtaining the forecasted
values of autocorrelated base measures from the Files of Base Measure Forecasting
Models. Once the forecasted base measure values have been obtained and discre-
tized to base measure states, they are sent to the Indicator Estimation Computation
component to feed the corresponding Indicator Estimation Model and return the
software indicator forecasting data.

We did not have access to integrate all the components in the production environment
of Modeliosoft, instead we executed the resulting architectural components and tools of the
FOSI method and tested them in the testing environment of the company. This environment
offers a reliable setting similar to the production environment. We did not experience any
relevant integration problem, so this architecture was considered suitable as a reference
architecture of Modeliosoft’s dashboard in production environment.

However, it is crucial to recognize that each software indicator forecasting project is
unique and may have specific needs and characteristics. These factors, such as the fore-
casting demand, data volume, and other contextual considerations, significantly influence
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Fig.7 High-level sketch of a potential integration of the proposed forecasting solution into the Modeli-
osoft’s dashboard

architectural and deployment decisions. Due to this context dependency, this paper does
not delve further into these specific decisions. For instance, in cases where the forecast-
ing demand and data involved are substantial, it might be advantageous to employ the
Dashboard Orchestrator component to manage the storage or materialization of the com-
puted base measure forecasted values into a database. By doing so, subsequent forecasting
requests can be processed more efficiently, improving the overall system performance.

The flexible and adaptable nature of the proposed reference architecture allows Modeli-
osoft to tailor its software indicator forecasting projects according to the specific require-
ments of each case. As the forecasting needs evolve and new challenges emerge, Modeli-
osoft can use this reference architecture as a starting point, making necessary adjustments
to ensure the most effective and efficient forecasting outcomes for different projects.

5.2 Evaluation of the FOSI Method in a Pilot Project Within Modeliosoft

To evaluate the FOSI method, our focus was primarily on gathering evidence regarding its
suitability and technical feasibility.

When referring to the suitability of the FOSI method, we specifically mean its effective-
ness in aiding the construction of an accurate and reliable Indicator Forecasting Model.
This was addressed through the execution of the activities in Phase I of the method, which
aimed to construct and evaluate an Indicator Forecasting Model meeting the expected per-
formance threshold defined by domain experts, as illustrated in Fig. 4.

Regarding technical feasibility, our aim was to assess whether the resulting Indicator
Forecasting Model could be successfully operationalized and deployed into Modeliosoft’s
testing infrastructure. Therefore, the technical feasibility was evaluated based on the suc-
cess of executing Phase II of the method.

To gather observations on the application of the FOSI method into a pilot project in Mode-
liosoft, we designed and performed a case study following the guidelines suggested by Rune-
son et al. (Runeson and Host 2009). Moreover, we planned an additional feedback evaluation
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session with Modeliosoft practitioners after the case study execution to gather evidence on
the method’s usefulness, usability and other relevant aspects that help to its improvement.

It is worth noting that, in this stage, only one representative from Modeliosoft remained
actively involved in the ADR Team, specifically the one covering the role of project leader
(who is an author of this paper).

The key research question leading the case study is:

“How is the use of the FOSI method in the pilot project?”

The main drivers for the case study design were the phases, steps, tools and procedures
suggested by the FOSI method. The case study design was flexible to deal with poten-
tial unexpected issues. Details of issues and/or decisions taken during the case study are
detailed in the execution section. The Modeliosoft’s representative that participated in this
stage selected Modelio Wyrm, as a suitable pilot project because:

1) Modeliosoft had an interest on forecasting the Product Readiness indicator for this
project and were open to share some of their software indicator estimation historical
data to run a pilot project.

2) The project had available historical data about the Product Readiness indicator (i.e.,
the estimations of the software indicator, that includes all the states of their composing
nodes and their probabilities, as well as the base measure values).

3) The project was being monitored using the existing Product Readiness Indicator Estima-
tion Model.

4) He was the project leader of this project, which facilitated the execution of the case study
as he acted as our primary contact. Throughout this case study, we will refer to him as
the Modelio Wyrm project leader.

Points 2 and 3 are actually a requirement of the FOSI method, as it requires an Indicator
Estimation Model and the availability of historical data as inputs.

While such convenient selection may suggest that the chosen pilot project might not
fully represent all Modeliosoft projects, it was chosen precisely due to the favorable cir-
cumstances discussed earlier. Furthermore, it’s worth noting that the primary goal of the
company was to obtain preliminary evidence regarding the suitability and feasibility of the
FOSI method. Hence, while the chosen pilot project may not fully represent the entirety of
Modeliosoft projects, it serves as a valuable exploration into the potential application of
the FOSI method within the company.

Modelio Wyrm project leader provided us with all required information about Modelio Wyrm
and helped us to shape the software tools (when needed) to fit them to the pilot project needs.
Other Modeliosoft’s employees related to Modelio Wyrm also participated in the case study but
had an indirect contact with the researchers (mainly because of covid-related restrictions).

All issues during the execution of the pilot project were recorded and discussed among
all Modeliosoft’s participants and subsequently assessed and reflected by the ADR Team.

5.2.1 Modelio Wyrm Project

Modelio Wyrm is the codename of the version 4.0 of Modelio software, an open-source
modeling tool providing support for standards like UML, BPMN, ArchiMate, etc. Modelio
was first launched in 1991 and it is currently developed and maintained by Modeliosoft.
Modeliosoft Wyrm development process is defined as scrum-like, “close to agile” with
no pre-defined sprint cycles, with a strong focus on their current issues, the final product,
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and close cooperation with the customers. The tools used by the development team were:
OpenProject’ for project management (backlog management, issues, and specification
tracking), Mantis® for bug tracking and Jenkins® for building and testing.

Modelio Wyrm is a strategic project for the company and its Product Readiness indica-
tor was being monitored and visualized through the corporate dashboard. It implies that
there exists a Product Readiness Indicator Estimation Model, the corresponding data col-
lectors and historical data available.

5.2.2 Data Collection and Data Analysis

For security and confidentiality reasons, we did not have direct access to the company
repositories, but the Modelio Wyrm project leader provided us with a snapshot of 47 days
of historical data about the Product Readiness indicator, corresponding to a specific release
under development of Modelio Wyrm. Such data was obtained automatically from data
collectors. These data collectors extracted and stored information from Modeliosoft’s cor-
porate repositories (mainly development process/product-related repositories) on a daily
basis. The data was stored in an Elasticsearch'® node, a document-based database.

Data analysis was performed according to the phases and steps of the FOSI method.
We also used individual diaries to record notes on any type of issues and aspects that we
considered relevant (e.g., problems, schedule, effort, decisions, attitudes). Improvements
and adaptations done to the software tools together with their rationale were also recorded.
We provide as much detail as possible given non-disclosure agreements with Modeliosoft.

In addition, we designed a survey based on a questionnaire as a data collection instru-
ment for gathering feedback from Modeliosoft’s practitioners that participated in the pilot
project about the usefulness and usability of the FOSI method.

5.2.3 Case Study Execution

The project leader of Modelio Wyrm involved five people from his Modelio Wyrm’s team in the
execution of the pilot project. He wanted them to have first-hand contact with the FOSI method
in order to know their impressions about it after the execution of the pilot project. So, the project
leader provided a general explanation (avoiding technical details) of the phases and steps of the
FOSI method before the execution of the case study and also informed the goals of the pilot project.

Phase 1: Building and Evaluating the Product Readiness Forecasting Model.

Step 1: To define the forecasting horizon and the corresponding training and val-
idation sets. Based on the available historical data and the forecasting needs of the
project, the forecasting horizon was set to 14 days. The Modelio Wyrm project leader
stated that this forecasting horizon was meaningful to provide enough room to pre-
vent risk situations for the specific release under development of Modelio Wyrm. The
software indicator estimation historical data was split into 33 days for the training set
(70% of the total) and the remaining 14 days (corresponding to the forecast horizon)
were used for the validation set (30% of the total).

7 https://www.openproject.org
8 https://www.mantisbt.org

% https://jenkins.io

10" https://www.elastic.co
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Step 2: To define the expected performance threshold. Modelio Wyrm’s project leader
provided confirmation that, at the time, the project was not facing a critical situation. Given
this assessment, he made the decision to establish the forecasting performance threshold at
70%. This threshold represents the level of performance deemed acceptable or satisfactory
for the project’s forecasting efforts. By setting this threshold, the project leader aimed to
ensure that the forecasting model would provide reliable predictions while allowing for a
margin of error or variability in the forecasts. This decision reflects a balanced approach to
forecasting performance, considering the project’s current status and objectives.

Step 3: Classify base measures. The autocorrelated base measure values of the training
set were collected from the Elasticsearch database and modeled as standard time series in
R, using the software tool Time Series Gathering. The Autocorrelation Test tool helped to
confirm if it was autocorrelation or not. Table 5 summarizes the classification of each base
measure of the Product Readiness Estimation Model and its rationale.

Step 4: To train and select the best forecasting model for each base measure with auto-
correlated values. For each base measure with autocorrelated values, we used the Hold-
Out Approach kit for fitting and selecting its best forecasting model. Table 6 summarizes
the resulting values of the metrics used by the Hold-Out Approach kit (i.e., accuracy and
RMSE) for each one of the models used. In green it is shown the selected model for each
base measure (i.e., the one that had the best results from accuracy and RMSE).

The obtained results were quite positive. We did not have any problem related to finding
suitable forecasting models. Therefore, we could proceed with Step 5.

Step 5: To articulate the Indicator Forecasting Model and evaluate its performance.
The forecasting models/databases for each corresponding base measure were integrated
with the Product Readiness Estimation Model to obtain the resulting Product Readiness
Forecasting Model, as shown in Fig. 8.

To evaluate the performance of the resulting Product Readiness Forecasting Model, we
used the validation set and calculated the suggested metrics as shown in Table 7. To obtain
such a report, we used the Forecasting Report tool.

We can observe that all individual nodes fulfill the expected performance threshold
(70%) for accuracy and F1 score. More precisely, the accuracy of the Product Readiness
indicator node was 71.43%, and F1 score was 83%.

In addition, the values of the Jensen-Shannon distance metric of all nodes are quite low.
This confirms that the distances between the forecasted states inferred by the Indicator Fore-
casting Model and those from the validation set were quite low, indicating the similarity of
the probability distributions. On the other hand, the results of the computation of the base
measure contribution error for each base measure node shows that the base measure Dev. Task
Completion got the highest value for this metric (0.35). It means that this is the base measure
node with highest relative importance in the whole model or it is the most prone to error.

Overall, the findings presented in Table 7 demonstrated the effectiveness of the Product Read-
iness Forecasting Model for Modelio Wyrm, as derived from the application of the FOSI method.
The Product Readiness Forecasting Model successfully forecasted the values of its nodes within
the predetermined threshold set by the Modelio Wyrm project leader. Consequently, the project
leader endorsed the suitability of the resulting forecasting model for its deployment in Phase 2.

Phase 2: Deploying the Product Readiness Forecasting Model After completing the previous
phase and achieving successful results regarding the suitability of the Product Readiness Fore-
casting Model, the model was deemed ready for deployment. Following the reference archi-
tecture of Modeliosoft’s dashboard, as defined in the FOSI method (see Fig. 7), we success-
fully instantiated the corresponding Files of Base Measure Forecasting Models and Additional
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Table 6 Results of the hold-out approach for each autocorrelated base measures

|Type | Statistical Advanced ‘ML |
Base Measure Criterion ARIMA  ARIMAFS THETA  ETS ETSDM  STL TBATS BAG.ETS HYBRID PROPHET NN
Devel Accuracy (%) |78.6 14.2 |64.2 78.6 14.2 50 il 0 78.6
Task Completion RMSE 0.090 0.154 0.073 0.430 0.083 0.445 0.206 0.076
Specification Task Accuracy (%) |78.6 78.6 78.6 78.6 78.6 78.6 285 78.6
C leti RMSE 0.107  |0.092 0.091 [0.113 |0.073 |0.453 [0.154  |0.089
Passed Tests Accuracy (%) |78.6 14.2 0 78.6 0 71.4 78.6 78.6
Percentage RMSE 0.146 |0.258  |0.054 . 0.27 0.065 |0.259 |0.056 |0.08 0.179
Legend
@ Base Measure with known future values
Product Readiness
NotReady 285 jumm Chosen »
Naikal 246 Forecastng Base measure with Autocorrelated values
AlmostReady 155 @ Model
Ready 102 |
v Y Base Measure with Missing Values or Non
* autocorrelated do not require additional
model
Activity Completion Known Remaining Defects Closed Ratio Product Stability
Verylow  29.8 jmm Low 475 ]
Low 21.7 j—m Medium sojmm | \LI;LYLW ?23; :
Medium  21.6 jum—m High sl | Medium 20,4 |
c:qh 17.2 j— Y High 27 6 ju—
enytigh 5.55 g VeryHigh  20.5 jumm
3
D Task C i ification Task C i Builld Stability Critical Issues Closed Ra... || Passed Tests Percentage
VeryLow 3.00
STL Theta Low 4.00 ETS
Forecasting Forecasting o Forecasting
model Model 2l /A VeryHigh 800 Model
*

Posponed Issues Closed Ratio

Low 50.0 jumit
Medium 40.0 jumm i
High 100§

Fig. 8 Resulting Product Readiness Forecasting Model

Databases in a test environment, and connected them with their respective components. As a
result, the initial release of the forecasting functionality was integrated into Modeliosoft’s dash-
board. While this initial functionality provided rudimentary forecasting visualizations, all partici-
pants in the Modeliosoft case study were able to navigate through the forecasted values associ-
ated with the Product Readiness indicator. Given their familiarity with Modeliosoft’s dashboard
and previous estimation functionalities (Manzano et al. 2021), they encountered no difficulties
in exploring the forecasting capabilities. The Modeliosoft’s representative expressed his belief
that offering forecasting capabilities would enable them to proactively address potential issues or
capitalize on opportunities. Informal feedback from the case study participants included remarks
such as: “These forecasts are highly relevant in supporting our decision-making processes” and
“As a project leader, I am keen on monitoring how the baseline measures evolve over time. Thus,
visualizing these forecasted values enables me to make corrective decisions based on them”.

5.2.4 Feedback Evaluation

The ADR Team designed an interview-guide instrument aimed to gather the perceptions about
the usefulness and usability of Modeliosoft’s practitioners that participated in the pilot project
in order to improve the FOSI method. We used the guidelines stated by Oates (2006). The guide
included mainly 3 open questions related to a) positive/negative perceptions about the forecast-
ing solution and its execution, b) suggestions and improvements and c) additional comments.
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We planned to perform semi-structured interviews with the five Modeliosoft’s practitioners that
participated directly on the activities related to the pilot project, but given some organizational
restrictions due to Covid-19, we replaced our interview plan. We finally adapted the interview-
guide instrument to be used as a guide for a focus group session led by the Modelio Wyrm pro-
ject leader. He has previous experience on this type of sessions, so he did not require additional
training. We recommended some actions to mitigate the participants’ evaluation apprehension.
For instance, remarking at the beginning of the session, that the goal of the case study and the
focus group was not to evaluate the employees but to assess the feasibility of the method’s
application. Therefore, their honest opinions (without enhancing/hiding issues) were expected.
The five employees that participated closely on the activities of the pilot project attended
to the focus group. The Modelio Wyrm project leader provided us with his notes from the
focus group. We, as researchers, are aware of the threats associated to the fact that we did
not participate directly on the focus group, as it increases the threats of using subjective
and not contextualized opinions. However, the feedback received included both positive
aspects and issues to be improved that widely fit with our own notes and observations taken
during the execution of the case study. The main aspects raised by the participants were:

e The FOSI method was prescriptive enough. The steps described to put forward the fore-
casting proposal were mainly perceived as straightforward and feasible by Modeliosoft
employees that participated closely on the activities of the pilot project. One of them
commented that the steps described in the solution could be repeatable in other projects
as long as they have all the supporting software artifacts and the potential availability of
an expert to guide/support some of their decisions in case they need it.

e Availability of software support tools for the steps of the FOSI method was the most
valued aspect. Employees agreed that without the supporting tools, they would not be
able to build the Indicator Forecasting Model. Employees mentioned that the availabil-
ity of the software tools saves extensive manual effort and significantly hides the com-
plexity of building a forecasting model.

e Reuse of existing infrastructure was positive. The use of the existing Modeliosoft infrastruc-
ture was perceived as a very positive aspect as they were already familiar with it. On the
one hand, the fact that the integration of the resulting Indicator Forecasting Model into their
existing testing infrastructure was prescribed as a phase of the FOSI method was positively
valued by the practitioners. On the other hand, the fact that the Modeliosoft dashboard was
used to visualize the forecasting results was considered a factor that would promote the rapid
adoption of the forecasting functionality by the corresponding practitioners (without requir-
ing additional training as they are already familiar with the Modeliosoft dashboard usage).

e Need of a basic training program about forecasting principles to better understand the
rationale behind the FOSI method steps. Some employees mentioned that they follow
the prescribed activities but they do not really understand their rationale. This coin-
cide with our notes taken during the execution of the pilot project, as we experienced
several questions and doubts mainly related to the steps of Phase I (i.e., the construc-
tion of the Indicator Forecasting Model). It uncovered the need of promoting a basic
training program in the company, so the corresponding employees are aware of basic
concepts that help them to better understand the FOSI method’s rationale.

Among the potential improvements discussed within the ADR Team, two noteworthy
ones are being implemented in Modeliosoft:
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Improved documentation with real examples: Recognizing the significance of clear and
practical documentation, the team worked on enhancing the existing documentation.
The improved documentation now includes real examples derived from Modeliosoft’s
specific use cases and applications of the Indicator Forecasting Model. These real
examples serve as concrete illustrations to guide employees and facilitate their under-
standing of the FOSI method’s application in actual scenarios within the company.
Basic forecasting training program: The team agreed to develop a basic forecast-
ing training program tailored to the needs of the employees who would be applying
the method. This training program aims to equip them with the necessary knowl-
edge and skills to effectively use the FOSI method. The training will cover essential
concepts, techniques, and best practices in forecasting, ensuring that employees are
well-prepared to utilize the method proficiently.

6 ADR: Formalization of Learning

Aligned with the ADR principle of Generalized Outcomes (P7), the FOSI method was
conceptualized as a forecasting solution for Modeliosoft, while offering insights that
may be applicable to other organizations facing similar challenges. To do so, we fol-
lowed the generalization efforts suggested by ADR:

1y

2)

Generalization of the problem instance. We approached the forecasting problem at Mod-
eliosoft as an instance of a broader class of issues. In evaluating Modeliosoft’s forecast-
ing needs, we also considered similar forecasting challenges that other organizations
might encounter (see Section 4.2).

Generalization of the solution instance. During the design of the FOSI method the ADR
team took deliberated decisions to maximize its potential applicability. Some of the most
relevant ones are:

® Decoupled phases: To enhance adaptability and flexibility in addressing diverse organi-
zational needs, the FOSI method was structured into two distinct phases. Each phase
delineates clear inputs, outputs, and procedural steps, facilitating their independent
application. Specifically, Phase I addresses reusability by outlining the construction of
an Indicator Forecasting Model based on state-of-the-art forecasting techniques, and
offering suggested steps and tools. We believe that this can foster the industrial uptake
of existing forecasting techniques by inspiring other software-development organizations
on how to deal with similar problems, and even reuse the procedures and software sup-
port tools resulted from this work (as they were released as open source). Conversely,
Phase 2 relies heavily on Modeliosoft’s infrastructure, potentially limiting its reusability.
To mitigate this limitation, we provided a comprehensive explanation of the architectural
components, enabling readers to understand their applicability beyond the confines of
Modeliosoft. Additionally, the utilization of Modeliosoft’s dashboard architecture, which
is based on the freely available Q-Rapids dashboard (Q-Rapids Dashboard Tool n.d.),
further enhances its potential for widespread adoption.

e Generic software support tools: The software tools developed to support the FOSI
method were designed to be generic and adaptable, ensuring their potential for
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reuse across different organizational contexts. Furthermore, these tools are released
as open-source software, fostering their accessibility and adoption.

3) Generation of design principles from the experience of developing and applying the

FOSI method. Design principles reflect knowledge of both IT and human behavior
(Gregor et al. 2020) and should provide cues about the goal that need to be achieved and
how to achieve it, so the target audience can better understand how to apply the FOSI
method. Table 8 outlines the main design principles envisaged by the ADR Team.

All in all, we believe that our efforts can foster the industrial uptake of existing forecast-

ing techniques by inspiring other software-development organizations on how to deal with
similar forecasting problems, and even reuse the procedures and software support tools
resulted from this work (as they were released as open source).

7 Limitations and Threats to Validity

Below we detail the actions performed to strength the rigor, trustworthiness, credibility,
and transferability of our results (Ralph et al. 2020).

Rigor: We applied the ADR method in a rigorous way, keeping a transparent account of
the research process, including the documentation of research activities, and the ration-
ale of the decisions made by the ADR Team. This transparency enhances the rigor of
the research and allows for further scrutiny by other researchers.

Transferability: We are aware that the proposed method and its validation are specific
to Modeliosoft context, however, the design of the method was influenced by the aim
of formulating generic-and-abstract recommendations that help other organizations fac-
ing similar problems. In addition, we would like to emphasize that we tried to describe
the whole design of the industry-academia collaboration and provide as many details
as possible (while reconciling confidentiality issues) of the problems, requirements
and infrastructure of Modeliosoft. Our main aim was that other companies can identify
their potential similarities and get inspired by the solution proposed in Modeliosoft. In
addition, the software support tools developed have been released as open source, so
others can adapt and use them for similar purposes.

Farticipant Bias. Since the beginning of the study, the ADR Team had a clear understand-
ing of the objective of the collaboration: improving Modeliosoft forecasting capabilities
by working together to generate and apply useful knowledge for both the company and
researchers, which leads to a ‘win-win’ scenario. To avoid researchers bias, we conducted
the study under the premises of impartiality, considering all data gathered and expressed by
all participants, and promoting continuous reflexivity (individually and as a team) to make
sure that all data is assessed with a clear and unbiased mind. So, we used to share and con-
tinuously discuss our impressions and notes to keep pre-existing assumptions at bay. Our
actions taken to minimize the potential bias from the case study’s participants are reported
in Section 5.2.4 (e.g. evaluation apprehension, non-direct feedback from the focus groups).
Smooth collaboration. The fact that we had previous involvement with Modeliosoft in pre-
vious industry-academia collaborations meant an opportunity (instead of a problem), as
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we were familiar with its context and had built a smooth collaboration environment that
undoubtly influenced this project positively. In addition, Modeliosoft’s representatives
were convinced on their goal of promoting forecasting capabilities and fully supported all
related activities of this collaboration. As reported before, one of the representatives could
not manage to participate in the last stages of the ADR collaboration (Stages 3—4, due to
lack of time to process all his duties). However, this did not affect the reciprocal knowledge
sharing of the ADR Team as his knowledge was mostly vital in the stages that he/she par-
ticipated. Furthermore, the other representative was available and willing to provide us any
required clarification or feedback for the smooth execution of the remaining stages.

® Online interactions: Given Covid-19 restrictions, most of our interactions were held
online instead of face-to-face in the company premises. We are aware that this could have
a negative influence on the communication abilities and therefore on our results. How-
ever, the flexibility of our collaboration plan led us to adapt to the corresponding restric-
tions and get the best results as possible. In addition, the fact that we had previous face-to-
face meetings with whole team in previous projects (so we knew each other and built in a
previous confidence on our commitment, capabilities and trustwothiness) helped to mini-
mize the effects of mostly online interactions. In addition, the ADR stages mostly focused
on the technical feasibility of the method, and not on the organizational perspective (that
would require more social interaction and would be further affected by the online issues).

8 Lessons Learned

This section provides insights into the lessons learned from this industry-academia
collaboration.

Our previous ventures in industry-academia collaboration had primarily centered on
either Design Science (DS) or Action Research (AR). However, in this work, we uncovered
the potential of Action Design Research (ADR) as a methodologically robust framework
that allows the integration of elements from AR, DS, and technology transfer models for
covering the objectives of our industry-academia collaboration (as detailed in Section 3).
In particular, the ADR’s ability to facilitate artifact design, co-creation, and evaluation
within the same industrial setting (Modeliosoft) was invaluable for rigorously obtaining
swiftly actionable results from Modeliosoft. Although preliminary, the obtained results
addressed Modeliosoft’s need to rapidly evaluate the viability of the indicators forecasting
idea while provided us with initial design knowledge to be further explored in future indus-
try-academia endeavors. Some relevant aspects on the use of ADR are highlighted below.

e Promotion of co-creation: The collaborative nature of ADR fostered co-creation
between the researchers from UPC and representatives from Modeliosoft. Together, we
worked to envision the FOSI method, where both parties contribute to and benefit from
the knowledge created. This collaborative effort positively influenced team motivation
and involvement. We observed a more natural and genuine involvement of Modeliosoft
representatives than when using other methods that do not emphasize co-creation.

e Short collaboration cycles. In essence, this cycle was dedicated to envisioning a fore-
casting solution for Modeliosoft, known as the FOSI method, and evaluating its adher-
ence to the specified requirements outlined by Modeliosoft. The cycle specifically
focuses on the method’s suitability and technical feasibility, rather than delving into
potential improvements to Modeliosoft decision-making processes, which is planned
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to be addressed in subsequent collaboration cycles. This cycle prioritized assessing
the effectiveness and practicality of the FOSI method for Modeliosoft immediate
needs. By focusing on the core objectives of each cycle, Modeliosoft and the research-
ers can make prompt and realistic decisions regarding the continuation of the collabo-
ration. In our experience, short collaboration cycles have been instrumental in driving
the success of our collaboration with Modeliosoft, facilitating rapid progress and effi-
cient decision-making. This finding aligns with the conclusions drawn by Mikkonen
et al. regarding the suitability of planning short cycles for technology transfer pro-
jects between industry and academia (Mikkonen et al. 2018). Furthermore, the inher-
ent ADR flexibility allowed us to adapt to such short collaboration cycle under the
resources and restrictions of Modeliosoft. This was especially important as we faced
unexpected Covid related issues and had to be flexible on the planned feedback evalu-
ation (as detailed in Section 5.2.4.)

e Evaluation of the ensembled artifact (i.e., the FOSI method) within the organization:
This was a positive ADR aspect for both researchers and Modeliosoft as it in some way
expedited the evaluation process and therefore the obtention of prompt evidence.

e Reconciling confidentiality issues of the company with the goal of supporting simi-
lar field problems posed a significant challenge. Finding a balance between safe-
guarding proprietary information and leveraging shared knowledge required exten-
sive discussions and reviews by the ADR Team. Our primary concern was to ensure
that sensitive details about Modeliosoft operations or proprietary technologies were
not inadvertently disclosed. The use of ADR was convenient for this matter as it
suggests to describe the ensemble artifact in an abstract manner. This allowed us to
discuss and develop solutions without divulging sensitive information. While this
level of abstraction was natural for Phase 1 of the FOSI method, it posed a chal-
lenge for Phase 2, which required describing architectural details. However, the fact
that the architecture was based on the Q-Rapids dashboard (Q-Rapids Dashboard
Tool n.d.) which is freely open, proved to be advantageous. Leveraging the Q-Rap-
ids dashboard architecture enabled us to discuss architectural components without
revealing proprietary information.

e Shared ownership. Our co-creation process led us to benefit from the knowledge created
(as long as it does not involve sensitive information from the company). This approach ena-
bled us to improve and use the FOSI method artifacts independently outside the industry-
academia collaboration. The fact that the FOSI method (especially Phase 1) was designed
to be abstract and reusable favor this. Currently, researchers are focusing on enhancing
the FOSI method by incorporating new forecasting techniques. These enhancements aim
to broaden the method’s versatility and applicability, enabling it to address a wider range
of forecasting problems. Importantly, these improvements will be made freely available
so that not only Modeliosoft but also others can benefit from them. This commitment to
shared knowledge underscores the collaborative spirit of the industry-academia partner-
ship and promotes the advancement of research and practice in the field.

Despite the mentioned aspects, the most burdensome aspect of applying ADR was:

e Lack of guidance on ADR application and reporting. While the flexibility of ADR is
appreciated, its absence of clear guidance hindered the elucidation of procedural steps in
certain stages. Particularly, we found a dearth of direction or references for formulating
design principles during the Formalization of Learning stage, as well as for reporting the
work. This absence made it challenging to navigate through these stages effectively. We
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hope that more efforts will be done to support ADR’s adoption in SE as it resulted a very
good option to address industry-academia collaborations.

It is important to emphasize that our initial collaboration with Modeliosoft through
a European H2020 financed project played a pivotal role in shaping our relationship.
Our smooth collaboration experience, coupled with the ability to detail the architec-
ture of the Modeliosoft dashboard (built upon the freely available Q-Rapids dashboard
(Q-Rapids Dashboard Tool n.d.)), underscores the significant impact of such financed
projects in fostering subsequent collaborations and co-creation efforts. We attribute
much of the success of this industry-academia collaboration to the foundation laid dur-
ing the Q-Rapids project (H2020 EU project - Quality Aware Rapid Software Develop-
ment project n.d.).

Finally, after our experience with ADR, we suggest to complement Wohlin and
Runeson’s list of methodologies for dealing with industry-academia collaborations in
software engineering (Wohlin and Runeson 2021) with ADR. Wohlin and Runeson
delineate the primary objectives of these methodologies as follows: a) DS focuses on
acquiring design knowledge through the design of artifacts; b) AR centers on change
in socio-technical systems; c) technology transfer models prioritize the transfer of
research to industry. Our suggested primary objective for ADR is on acquiring design
knowledge through the co-creation and evaluation of an artifact that brings a change
in a socio-technical system, where such co-creation and evaluation occurs in the same
organization. This unique characteristic of ADR, promoting both artifact creation and
evaluation within the same organization holds significant potential within software
engineering contexts, as it might help to deal with some well-known challenges associ-
ated with securing industrial participation (Basili et al. 2018; Song and Runeson 2023;
Wohlin and Runeson 2021).

9 Conclusions and Future Work

This paper outlines the outcomes of an industry-academia collaboration aimed at facili-
tating software indicators forecasting within Modeliosoft, a private software-development
organization. Following Action Design Research (ADR) principles, the collaboration led
to the development and evaluation of a method named FOSI (Forecasting Of Software
Indicators) within Modeliosoft. Additionally, the paper introduces four design principles
intended to assist other organizations grappling with similar forecasting challenges as those
faced by Modeliosoft. By elucidating the intricacies of this industry-academia collabora-
tion and its results, the paper aims to promote the realism and applicability of software
engineering research. Moreover, it endeavors to underscore the mutually beneficial nature
of industry-academia collaborations.

Our ongoing efforts with Modeliosoft are geared towards fostering the next short-term
collaboration cycle, which could potentially focus on bridging the Indicator Forecasting
Models produced by the FOSI method with actual Modeliosoft decision-making processes,
while also assessing their organizational impact.
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