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Abstract
Context: Recent software engineering (SE) research has high-
lighted the need for sociotechnical research, implying a demand for
customized psychometric scales.Objective:We define the concepts
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of technical and sociotechnical infrastructure in software engineer-
ing, and develop and validate a psychometric scale that measures
attitudes toward them.Method: Grounded in theories of infrastruc-
ture, attitudes, and prior work on psychometric measurement, we
defined the target constructs and generated scale items. The items
were reviewed and refined by domain experts. The scale was ad-
ministered to 225 software professionals and evaluated using a split
sample. We conducted an exploratory factor analysis (EFA) on one
half of the sample to uncover the underlying factor structure and
performed a confirmatory factor analysis (CFA) on the other half
to validate the structure. Further analyses with the whole sample
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assessed face, criterion-related, and discriminant validity. Results:
EFA supported a two-factor structure (technical and sociotechnical
infrastructure), accounting for 65% of the total variance with strong
loadings. CFA confirmed excellent model fit. Face and content va-
lidity were supported by the item content reflecting cognitive, af-
fective, and behavioral components. Both subscales were correlated
with job satisfaction, perceived autonomy, and feedback from the
job itself, supporting convergent validity. Regression analysis sup-
ported criterion-related validity, while the Heterotrait–Monotrait
ratio of correlations (HTMT), the Fornell–Larcker criterion, and
model comparison all supported discriminant validity. Discussion:
The resulting scale is a valid instrument for measuring attitudes
toward technical and sociotechnical infrastructure in software en-
gineering research. Our work contributes to ongoing efforts to
integrate psychological measurement rigor into empirical and be-
havioral software engineering research. The scale can also be used
by companies and organizations to assess their employees’ attitudes
toward the infrastructure they provide.

CCS Concepts
• Social and professional topics→ Project and people man-
agement; • Human-centered computing → Empirical studies in
collaborative and social computing; • General and reference →
Metrics; Empirical studies.
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1 Introduction
Software engineering (SE) researchers are increasingly aware not
only of the importance of psychological phenomena (e.g., beliefs,
attitudes, intentions) in determining project outcomes, which is
central to behavioral software engineering [46], but also of the diffi-
culty of measuring these phenomena [57]. While the importance of
scale creation has long been understood in psychology [36], scale
creation has historically been very limited in SE. More recently,
however, researchers working in software engineering have awo-
ken to this fact. Graziotin et al. [23] call for greater attention to
creating and validating psychometric instruments for SE research,
including more rigorous and theoretically grounded tools for mea-
suring psychological and behavioral constructs.

In modern software development, professionals rely heavily on
the infrastructure supporting their work. This includes software
tools, but also processes and norms that shape a work environment.

Infrastructure for software development captures technical infras-
tructure (e.g., CI/CD pipelines, IDEs) as well as sociotechnical in-
frastructure (e.g., communication tools, documentation standards).
However, we currently lack reliable ways to measure the percep-
tions of these infrastructures, especially in survey-based research.
One solution is to assess software professionals’ attitudes toward
their infrastructure, as attitudes are thought to be good predictors
of behavior [3, 21]. Thus, attitudes can act as proxies for infras-
tructure quality in studies looking at professional beliefs (e.g., job
satisfaction) and behavior (e.g., hiring and quitting). We therefore
created and validated a psychometric scale to measure developers’
attitudes toward technical and sociotechnical infrastructure, guided
by the following research question:

Research Question: Can software professionals attitudes to-
ward technical and sociotechnical infrastructure be validly mea-
sured using a psychometric scale?

Such an instrument is relevant for both software engineering re-
search and practice. Researchers can use the instrument to consider
infrastructure as a factor in their studies with developers. Practi-
tioners can use the instrument in longitudinal developer surveys
that many companies and organizations regularly conduct [11].

2 Background
This section reviews: (1) theories and definitions related to infras-
tructure; (2) theories and definitions of attitudes; (3) seminal theo-
ries from social psychology that explain phenomena using attitudes
and their application to software engineering research; (4) measure-
ment and validity-related work in software engineering.

2.1 Software development infrastructure
Modern software development work is characterized by multitudi-
nous tools, technologies, systems, practices, methods, policies, stan-
dards, rituals, and ways of working. In their book Software engi-
neering at Google, Winters, Manshreck, and Wright [74] devote
whole chapters to examples including version control, build sys-
tems, and continuous integration. Such collections of systems have
been called “work oriented infrastructures”, due to sharing the same
general characteristics as traditional infrastructure [29].

In information systems and human-computer interaction re-
search, studies focusing on infrastructure have long been common.
Particularly, the seminal works by Star [62, 63] introduce the con-
cept of sociotechnical infrastructure and demonstrate the impor-
tance of studying it. While originally introduced to HCI and IS
research, these ideas are increasingly applicable to modern soft-
ware development environments, which depend on layered, inter-
twined technical and social systems. The popularity of the concept
is demonstrated by the reference counts of these articles, as well as
the recent systematic review by Lyu et al. [47], which goes over 190
primary studies noting that the main themes investigated in HCI
research are growing infrastructure, appropriating infrastructure,
and coping with infrastructure.

Why, then, is studying infrastructure important? The economic
theory of infrastructure-led development [2] posits that public in-
frastructure drives long term economic growth due to network
effects and complementarities, but that the benefits from the invest-
ment are non-linear. Such investment in software infrastructure is
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also done with public money1. Agenor [2] uses the example of roads
and electricity being needed on one hand to produce commodities
in rural areas, but also to transport them to urban areas. Examples
for the current time could include how investments into mobile
and financial infrastructure enable increased usefulness of them
in allowing for network effects from externalities such as appli-
cation stores, mobile payments, or e-commerce platforms. These
complementarities amplify the value of the original infrastructure
by enabling new services and innovations that rely on it, increasing
and reinforcing adoption and participation. In our view, analogous
network effects can be seen in infrastructure used in software de-
velopment. For example, the investment in version control systems,
continuous integration pipelines, or shared libraries allow for the
use of them across projects, teams and companies. This in turn
allows more developers to use them, rewarding standardizing and
documentation efforts and reducing barriers to entry. Complemen-
tarities arise with additional tools such as deployment automation,
collaborative platforms or the recent trend of integrating LLMs into
software development. All of these additions have enhanced the
utility of the core infrastructure.

However, it has been argued that infrastructure should be divided
into groups when investigated, e.g. an archaeological typology of
infrastructure divides infrastructure into static (e.g. storehouse),
circulatory (e.g. highway), bounding (e.g. palisade) and signaling
(e.g. lighthouses) infrastructure [72]. One way of doing this is by
dividing infrastructure according to the function it performs [8].
However, as we are interested in infrastructure that is used for
software development, we argue that these kinds of typologies do
not work as same systems can have multiple purposes simulta-
neously. As an example, a version control system simultaneously
allows for asynchronous work on a complex system with internal
dependencies, documenting changes, branching and merging fea-
tures, conflict resolution, and release planning, to name a few. This
division would be thus blurry and ambiguous.

To address these challenges, we draw from systems modeling
literature, which offers a productive way to conceptualize infras-
tructure based on its dependence on human actors and institutions.
Ottens et al. [55] define technical systems as “systems that per-
form their function without either actors or social institutions” or
“systems in which some actors perform subfunctions but social in-
stitutions play no role” and consequently sociotechnical systems as
“engineering systems that need actors and some social/institutional
infrastructure to be in place in order to perform their function”.
Thus, in an analogous way, we divide technical and sociotechni-
cal infrastructure along these lines. To us, software development
systems that professionals use alone are part of technical infras-
tructure, whereas systems that require multiple actors to perform
their function are sociotechnical infrastructure.

2.2 What are attitudes?
Attitudes are “overall evaluations of objects”, which consist of “af-
fective information (e.g., feelings towards an object), cognitive in-
formation (e.g., beliefs associated with an object) and behavioral
information (e.g., past experiences with an object)” [28]. This tri-
partite model of attitudes has held since the ’60s [54]. However,
1https://www.sovereign.tech/programs/fund

attitudes are more stable over time than core affect [28], under-
stood as “neurophysiological state that is consciously accessible
as a simple, nonreflective feeling that is an integral blend of he-
donic (pleasure–displeasure) and arousal (activation–deactivation)
values” [61]. This relative stability of attitudes makes them attrac-
tive and potentially useful for investigating enduring psychological
states toward objects or systems, especially given that much exist-
ing research in software engineering has already focused more on
transient affective states than on more stable attitudes [25, 52].

2.3 Why measure attitudes?
Attitudes are part of several seminal theories in psychology, which
are used to explain a multitude of outcomes. These outcomes in-
clude, but are not limited to, volitional behavior (actions under
conscious control) [21], behavior with limited control [3], behavior
in regard to perceived chances of success and values [4], accep-
tance of technology [12, 67], cognitive consistency [32], attitude
change [40], identity and self [7, 39], emotional regulation [20, 30],
and perceived values and motivation [6, 64].

Three seminal theories referenced above are used to explain hu-
man behavior, including the Theory of Reasoned Action (TRA) [21],
the Theory of Planned Behavior (TPB) [3], and Expectancy-Value
Theory [4, 17]. Both TRA and TPB assume that behavior follows
from intentions, and intentions from attitudes and social norms.
Expectancy-Value Theory [4, 17] posits that behavior is influenced
by beliefs about whether engaging with a task or system (e.g., us-
ing a tool or following a process) will lead to desired outcomes
(expectancy), and by the value placed on those outcomes. From
the point of view of these theories, attitudes toward technical and
sociotechnical infrastructure are thus shaped by developers’ beliefs
about their usefulness and the importance they attach to outcomes
like productivity and collaboration.

Theories such as Cognitive Dissonance Theory [20] and the
Elaboration Likelihood Model [56] explain attitude change through
inconsistencies or persuasive communication. For example, devel-
opers may dislike documentation or testing practices but adjust
their views over time. Our scale enables tracking such changes.

Theories like Symbolic Interactionism [7] and Social Cognitive
Theory (SCT) [6] highlight how attitudes are shaped through social
roles, observation, and perceived efficacy. For example, a devel-
oper placed in a mentoring role may adopt more positive views
toward documentation tools. Similarly, Value-Belief-Norm Theory
(VBN) [64] explains how attitudes can underpin moral obligation,
motivating developers to act in alignment with shared values.

Thus, measuring developers’ attitudes toward technical and so-
ciotechnical infrastructure would be valuable in survey research
for a multitude of reasons. The scale could offer insight into how
well work environments support, for example, productivity, col-
laboration and job satisfaction. This is done by introducing these
constructs into a set of related constructs that are often called a
nomological networks, i.e. “interlocking system of laws which con-
stitute a theory” [10].

2.4 Scales in software engineering research
A recent book chapter has called attention to measurement issues
in software engineering research [57]. This is further emphasized
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with calls for software development specific scale development [23].
However, rather than using scales that are developed specifically
for software professionals in survey research, it is common to adapt
items from scales that have been validated with more general sam-
ples (e.g., [16, 24]). While some scale development papers exist [49],
they have stopped after expert evaluation and do not generally ad-
minister the instrument to practitioners, nor do they rigorously and
quantitatively assess the validity of the developed measures. To our
knowledge, the present work’s highly novel contribution to the field
of software engineering is in that it documents the development
and evaluation of a scale with psychometric properties.

3 Method
We followed Trochim’s [66] guidelines for developing Likert scales,
with reference to relevant sections of Graziotin et al.’s [23] guide-
lines. Trochim [66] recommends a four-step approach: (1) Define
the construct being measured, (2) create a pool of possible items
to measure the construct, (3) panel review and scoring of items by
experts and (4) select a subset of items based on these evaluations.
In addition, we (5) administered the scale for a larger audience and
assessed reliability and validity. Figure 1 visualizes this process and
shows the number of possible questionnaire items after each step.

We provide a comprehensive replication package including all
of the items and their scoring at each stage (see Data Availability).
In the following subsections, we elaborate on each step.

3.1 Defining the constructs
Both Trochim’s [66] andGraziotin’s [23] guidelines start by defining
what we want to measure. To measure software engineers’ attitudes
toward systems that they use at work, we developed a construct that
integrates two complementary dimensions: technical infrastructure
and sociotechnical infrastructure.

These dimensions are built on the perspectives offered in Sec-
tion 2.1. Technical infrastructure includes the tangible and primarily
automated systems that support software professionals day-to-day
development work, such as computer hardware and software, pro-
gramming languages, frameworks, IDEs, version control systems,
sketching and testing tools. These are all tools and systems that are
often, but not always, used by a single actor to perform their work
duties in software development work. In contrast, sociotechnical
infrastructure encompasses systems that need multiple actors and
institutional infrastructure to perform their function and allow indi-
vidual software professionals to coordinate, collaborate and manage
software development work. In sociotechnical infrastructure, we
include tools, processes, roles, norms, management, and collabora-
tive practices that are used to communicate and organize software
development work. The tools included, but not necessarily limited
to, are communication and information sharing tools, documen-
tation, coding standards, pair programming and code ownership
policies, peer code review practices, sprints, user story planning,
and team meetings. This distinction divides software development
work into two categories: (1) technical work, where the individual
primarily interacts with technical systems to produce technical
artifacts, and (2) sociotechnical work, where the individual engages
with collaborative systems and practices to coordinate and manage
work with others. Thus, we define:

Figure 1: PRISMA type diagram showing the steps in creating
the scale.

Definition 1 (Technical Infrastructure). The tools and technical
systems individuals use to perform their work, such as computer
hardware, software, programming languages, frameworks, version
control systems, sketching tools, testing tools, networks, security
mechanisms, and other technical systems.

Definition 2 (Sociotechnical Infrastructure). The tools, practices,
and processes that are used to communicate and organize work,
such as management processes, communication tools, information
sharing tools, documentation, coding standards, pair programming,
code ownership policies, peer code review practices, sprints, user
stories, and team meetings.

Viewing software development infrastructure through these two
dimensions allows researchers to investigate how technical and
sociotechnical elements interrelate with each other and allows for
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analyzing how these dimensions affect factors such as productivity,
well-being and team dynamics. These two dimensions also allow for
a holistic view beyond individual tools or practices. In our view, this
holistic approach allows for measurement that has less construct
overlap and contextually confounding factors that can be hard to
control for [71]. For instance, a single treasured tool could affect
measurements of tools that are often used alongside it in ways
reminiscent of the halo effect [51]. Thus, by dividing the concepts
this way with the still broad and holistic concepts of technical and
sociotechnical infrastructure, software engineering research can
capture software professionals’ attitudes and experiences.

3.2 Generating items
Trochim calls this step “Generating the Items” [66], while Graziotin
et al. call it “Pool Items”. We gave eight domain experts preliminary
definitions of the two dimensions above and asked them to gener-
ate items. By domain expert, we mean individuals with theoretical
knowledge and practical experience in the subject, as is common
in psychological literature [31]. The eight individuals included a
professor, postdoctoral researcher, doctoral students, and a mas-
ter’s student, all of whom had years of experience in SE research,
teaching, and practice. The group of domain experts consisted of
individuals with diverse backgrounds, including participants origi-
nally from North America, South America, the Caribbean, Africa,
the Middle East, and the Nordics. Experts were asked to generate
10 items per dimension, though they could stop at any time. They
collectively generated 57 items for technical infrastructure and
71 items for sociotechnical infrastructure. After these preliminary
items were collected, the first and second authors revised them for
clarity. We have marked the original items and the modifications
in our replication package.

To supplement these pools of items, we generated 50 additional
items on the 7th of July 2024 for each type of infrastructure using
ChatGPT 4owith the default parameters accessed via a browser, and
with various prompting techniques. We used true random numbers
from random.org to choose examples for the prompts that require
examples (One-Shot, Few-Shot, and Few-Shot chain of thought)
from the list of items generated by domain experts. This process,
together with the exact prompts, is documented in our replication
package. We did not use LLMs in any other part of this research.

3.3 Panel review and expert scoring
Trochim calls this step “Rating the items” and recommends it before
pilot testing [66], while Graziotin et al. call it “Item analysis” and
recommend it after pilot testing [23]. We followed Trochim to limit
the workload for the experts providing the favorability ratings
(examples below).

The first two authors pruned and de-duplicated the items in a
face-to-face collaborative session. First, both authors read the list of
items, and then removed items that were too specific. For example,
“I feel confident in the security measures of our technical infras-
tructure” is too specific because it’s about security in particular. In
contrast, some items were too specific in that they applied only to a
subset of software professionals, such as developers working in dis-
tributed environments. Next, we grouped similar items and selected
the most concise and general item from each group, dropping the

others. For example, we chose the item socio2 (see Table 3) over
items such as “I find the current infrastructure supports seamless
information sharing” and “I find it challenging to share informa-
tion with the existing tools and processes”. This resulted in a pool
of 35 items for technical infrastructure and 47 for sociotechnical
infrastructure. We provide a reason for every item dropped at this
stage in our replication package.

Next, 23 domain experts scored each item’s “favorability” toward
the target concept. Favorability here does not refer to what the
expert believes is the case for them, but rather they are judging
“how favorable each item is with respect to the construct of inter-
est” [66]. The domain experts included 14 university professors, 2
postdocs and 7 graduate students, all working in the software en-
gineering domain. Domain experts received instructions, together
with examples, on scoring favorability of each item with regard
to the construct it attempts to measure, and the instruction to use
a rating scale from +5 to -5. The order of the items being scored
was randomized for each rater. We also added three attention check
items for both scales to the favorability ratings. These attention
check items were either negative statements framed as positive or
vice versa, for example: “Our sociotechnical infrastructure makes
workflow so thorough and rigorous that our deliverables are often
late”. After a brief trial run, 15 of the experts scored 94.4% of these
items correctly, that is, positive statements as favorable and vice
versa. The high rate of correct scoring indicates that the experts
paid attention to the items when scoring them.

3.4 Selecting items for the preliminary scale
From the favorability ratings, we calculated total-item correlations
as advocated by Trochim [66] and performed a Welch’s t-test be-
tween the lowest and highest quartiles for assessing discriminative
power between items. We observed that two raters scored the tech-
nical infrastructure items substantially lower than all others, with
total scores of 15 and 29 compared to a range of 77 to 154 for the
remaining raters. Due to this large discrepancy, which suggested
a misunderstanding of the task or scale, we excluded their ratings
from the analysis. As a result, selection scores were calculated us-
ing ratings from 21 raters for technical infrastructure and 23 for
sociotechnical infrastructure.

To select the items for the scale, we first removed all of the items
with an item-total correlation below Trochim’s recommended cut-
off of 0.6 [66]. Then, for each infrastructure dimension, we selected
the 10 items with the highest t-test scores. We then reversed some
items so that both dimensions would have 5 regularly scored and
5 reverse-scored items, for example, the item “Our technical in-
frastructure is well-maintained” was changed to “Our technical
infrastructure is poorly maintained”. Our aim here was to have
balanced scales for both dimensions, to reduce response biases, to
control for acquiescence (i.e. “yeah saying”), and to disrupt non-
substantive responding (straightlining, that is, selecting the same
option across items) [70]. Following recommendations in the litera-
ture [9], we avoided negations such as “not” and other modifications
making items awkward, lengthy, or difficult to interpret.

random.org
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Table 1: Descriptive Statistics for Scale Items.

Item ID Mean SD Skewness Kurtosis Miss %

tech1 3.11 1.12 -0.05 -0.97 2.67
tech2 2.64 1.17 0.52 -0.75 0.89
tech3 2.70 1.20 0.42 -0.86 2.67
tech4 3.66 0.94 -0.58 -0.06 1.78
tech5 3.56 1.00 -0.71 0.06 0.89
tech6 2.47 1.13 0.50 -0.60 1.33
tech7 3.80 0.86 -0.83 0.95 0.44
tech8 3.77 1.00 -0.71 0.06 0.89
tech9 3.91 0.84 -1.01 1.37 0.89
tech10 2.24 1.10 0.80 -0.12 0.00
socio1 2.96 1.09 0.05 -0.97 2.67
socio2 3.70 0.99 -0.71 0.08 0.00
socio3 2.82 1.15 0.31 -0.85 0.44
socio4 2.66 1.10 0.63 -0.51 1.33
socio5 3.56 1.01 -0.56 -0.13 2.22
socio6 3.58 0.95 -0.72 0.32 0.44
socio7 3.60 1.03 -0.67 -0.06 0.44
socio8 2.71 1.05 0.46 -0.64 0.44
socio9 3.51 0.97 -0.68 0.06 4.00
socio10 2.37 0.96 0.80 0.15 0.00

3.5 Assessing the validity of the scale
While Trochim’s [66] original guidelines suggest that the scale can
now be used in practice, contemporary psychometric standards em-
phasize the importance of empirically evaluating the scale’s factor
structure and validity through data collection and analysis [14, 75].

To administer the newly developed scales, we incorporated them
into a broader questionnaire used in a larger survey study [43],
in which software professionals’ attitudes toward their work in-
frastructure serves as an exogenous variable. The questionnaire
also included related constructs, such as job satisfaction (measured
using the 5-item Short Index of Job Satisfaction [37]) and job quality
(captured through the autonomy and feedback from the job itself di-
mensions of the revised Job Diagnostic Survey [35]). As shown later
in Section 4, including these related constructs allows us to rigor-
ously evaluate the proposed scales in terms of both criterion-related
and discriminant validity.

The target population for the questionnaire survey where the
scale was administered is software professionals, e.g., programmers,
testers, technical artists, and their managers, who are primarily
employed by a single organization from which they receive the ma-
jority of their income, and who work within the software industry.
Freelancers and self-employed individuals were excluded from the
study. Only respondents who reported being between the ages of
18 and 65 were included, as these were considered the conventional
working-age population.

The questionnaire survey was translated from English into Por-
tuguese, Chinese, Thai, Finnish, Swedish, Arabic, Farsi, Urdu, Ger-
man, Spanish, Japanese, Russian and Turkish, and implemented
using Opinio.2 Each translation was localized by a researcher with
prior experience in conducting human factors research in software
engineering. After receiving permission from the research ethics
2https://www.objectplanet.com/opinio/

board, the study was advertised in these locales using social media
and company contacts (e.g. LinkedIn, internal company communica-
tion channels). The responses were received between December 12,
2024 and June 7, 2025. Incentives such as raffles and gift cards were
used depending on the locale, however, caution was used so that
gift cards were used only when advertising in closed spaces such
as company channels. Our recruiting strategy thus corresponds to
convenience and breadth sampling [5].

To improve data quality, all demographic questionswere optional.
We also included an “I don’t know” option for each scale item [see 15,
53] and an attention-check item for the Job Diagnostic Survey [41].
Items scored as “I don’t know” were coded as missing, while surveys
with a failed attention-check item were discarded. The order of the
items was randomized to reduce order effects [48]. The item-level
descriptives of the responses can be seen in Table 1. Item means
ranged from 2.24 to 3.80, standard deviations from 0.84 to 1.20,
all of which are within acceptable bounds. Skewness and kurtosis
values also indicated no substantial deviations from normality (all
skewness values <|1.1| and all kurtosis values <|1.4|). Item-level
missingness was mostly below 2.7%. We used listwise deletion in
EFA and full information maximum likelihood [18] in CFA.

The sample size needed for both EFA and CFA is debated, but
the often-cited work by Worthington and Whittaker [75], states
“smaller sample sizes may be adequate. . .with at least 4 : 1 items
per factor and factor loadings greater than |.6|”, and recommends a
minimum sample size of 100. Our work satisfies these conditions,
with an item to response ratio of 5.65 and a sample size of 122 for
the EFA. We split our sample randomly using the base R function
sample, resulting in 123 and 122 responses used in EFA and CFA,
respectively. For later analyses, we used the whole sample.

To explore and improve the underlying structure of the scales
and reduce the number of items, we conducted an exploratory fac-
tor analysis (EFA) using the maximum likelihood extraction and
oblimin rotation with the R package psych [58] (version 2.5.3). Ro-
tation is applied after extraction to improve interpretability by sim-
plifying the factor structure. We chose oblimin rotation (an oblique
method) because the underlying constructs we are attempting to
measure should be related, and oblimin rotation allows factors to
correlate with one another [19]. Improving factor structure involves
iterating among (1) investigating the factor structure using EFA; (2)
dropping items with low communality; (3) dropping items with sub-
stantial cross-loadings. The analysis continues until all remaining
items load highly on the factor they are supposed to load on, and no
others. This process is a powerful tool for assessing and enhancing
validity because it simultaneously assesses convergent and discrimi-
nant validity. However, it can lead to overfitting, which we mitigate
by randomly splitting our dataset in two, using half the data for this
exploratory analysis, and the other half for confirmatory analysis.

The exploratory analysis was performed on a subset of 122 valid
responses randomly selected from the entire data set. The initial
EFA suggested a three-factor solution based on eigenvalues > 1
and parallel analysis, with a cumulative variance explained of 56%.
However, several items showed substantial cross-loadings or weak
factor loadings (< .40), and some exhibited high complexity or low
communalities (< .30), indicating poor fit. Based on these criteria,
we iteratively removed items to improve the clarity of the factor
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structure. After the final EFA was performed, we assessed the suit-
ability of the data for factor analysis by performing Bartlett’s Test
of Sphericity and calculating the Kaiser-Meyer-Olkin (KMO) [73]
measure using the R package psych [58] (version 2.5.3). This factor
structure from the EFA was retained for the rest of the analyses.

To confirm the factor structure, we performed confirmatory fac-
tor analysis with the R package lavaan [60] (version 0.6-18). We
performed two confirmatory factor analyses: (1) a model containing
only technical and sociotechnical infrastructure factors identified
in the EFA and (2) a model including additional factors of job sat-
isfaction [37], as well as autonomy and feedback from the revised
job characteristics model [35]. The first model validates the fac-
tor structure obtained from the EFA, whereas the second model
provides us with factor scores for external constructs to the scale
being developed, which were used in later analyses for convergent,
criterion-related, and discriminant validity.

We used Job Satisfaction, Autonomy and Feedback from the job
itself in later analyses for convergent, criterion-related, and dis-
criminant validity. Job satisfaction is an overall evaluation of a job,
and thus we presume it would positively correlate with positive
attitudes towards technical and sociotechnical infrastructure. In the
job characteristic model introduced by Oldham and Hackman [27],
autonomy refers to the degree to which the job provides freedom
and discretion to the individual in scheduling their work and in
determining the procedures to be used in carrying it out, while
feedback refers to the degree to which carrying out work activi-
ties results in the employee obtaining direct and clear information
about the effectiveness of their performance in the job. Thus, we
presume that jobs that are perceived as autonomous and providing
feedback in themselves are also on average jobs where technical
and sociotechnical infrastructure allow for these through, for ex-
ample, tooling and job procedures. Hence, we assume that these
two constructs are positively associated with higher evaluations of
technical and sociotechnical infrastructure.

To assess the criterion-related validity of the newly developed
scale, we correlated its factor scores with established constructs of
job satisfaction, autonomy and feedback from the job itself using
the whole sample. Correlations were calculated using the R package
psych [58] version 2.5.3 and regression analysis was performedwith
the function lm from base R version 4.3.3.

Lastly, to assess the discriminant validity of our scale, we calcu-
lated two commonly reported measures, the Heterotrait-Monotrait
Ratio of Correlations (HTMT) [33] and the Fornell–Larcker cri-
terion [22]. HTMT was calculated using the function htmt from
the R package semTools version 0.5.7. Latent variable correlations
used for the Fornell–Larcker discriminant validity analysis were
obtained from the CFA model-implied correlation matrix (i.e., func-
tion inspect(fit, "cor.lv")). These account for measurement error and
reflect the structural relationships between constructs. However,
due to recent critique of these measures by Rönkkö & Cho [59],
we also assessed discriminant validity by fitting a baseline CFA
model with both dimensions of our infrastructure scale, and fitting
an alternative model where the correlation between the constructs
was set to 1.0. We compared the model fits with the chi-square test,
as well as with the Bayesian information criterion (BIC) and the
Akaike Information Criterion (AIC) [68].

4 Results
In this section, we first report the demographics of the respondents
to our questionnaire study, next we explore the factor structure of
the administered scale, and then we confirm it with a split sample
approach. Next, we discuss the face and content validity of the
scale by analyzing the items remaining after factor analysis. In
the last three subsections, we provide evidence for convergent,
criterion-related, and discriminant validity of the developed scale.

4.1 Respondent demographics

Table 2: Self-reported demographic information of the re-
spondents.

Demographic Item N %

Gender
Man 157 70%
Woman 59 26%
NA / Prefer not to say 9 4%

Country of
Residence

Brazil 60 27%
People’s Republic of China 31 14%
Finland 25 11%
Thailand 21 9%
Saudi Arabia 13 6%

Survey Language

Portuguese 61 27%
Chinese 48 21%
Thai 27 12%
Finnish 23 10%
English 21 9%
Other 45 20%

Age
(Range: 19–61)

Mean: 35.4, Median: 34
18–24 13 6%
25–30 66 29%
31–40 87 39%
41–50 39 17%
55 or more 20 9%

Years of
Experience
(Range: 0–40)

Mean: 10.4, Median: 8
0–4 years 57 25%
5–9 years 63 28%
10–19 years 58 26%
20+ years 33 15%

Highest Education

Doctorate 15 7%
Master’s 80 36%
Bachelor’s 93 41%
Other or NA 37 16%

Company Size

0–9 11 5%
10–99 46 20%
100–999 42 19%
1000–9999 69 31%
10,000–99,999 23 10%
100,000 or more 14 6%
NA 20 9%

All demographic questions but age were optional to answer.
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We received complete responses from 239 software profession-
als. After removing answers with failed attention check items, we
were left with a total of 225 answers. We report demographics in
Table 2. Note that none of the demographic questions other than
age were mandatory to answer, meaning the number of responses
from question to question changes. Respondents reported a wide
range of software development experience (0–40 years, mean =
10.4), with the majority holding a bachelor’s (41%) or master’s de-
gree (36%). The participants were employed in organizations of
varying sizes, with nearly one-third working in companies with
1,000–9,999 employees. Respondents were from diverse geographic
and linguistic backgrounds, with Brazil, China, and Finland being
the most common countries of residence, and Portuguese, Chinese,
and Thai among the most common languages the survey was taken
in.

4.2 Exploratory factor analysis
Following item reduction, at the end of the iterative EFA process,
we fitted an EFA model using maximum likelihood extraction with
oblimin rotation on a refined set of 11 items (see Table 3). The results
supported a two-factor structure consistent with our theoretical
distinction between technical (6 items) and sociotechnical infras-
tructure (5 items). Items showed strong primary loadings (ranging
from .66 to .88), minimal cross-loadings, and high communalities
(ℎ2 ≥ .55). The two factors were moderately correlated (𝑟 = .63),
supporting the use of an oblimin rotation.

The chi-square test of model fit was statistically significant,
𝜒2 (34) = 56.75, 𝑝 = .009, which is not uncommon given the sample
size (𝑁 = 112). However, alternative fit indices indicated excellent
model fit (RMSEA = .077, 90% CI [.039, .112]; RMSR = .03; TLI =
.953), supporting the adequacy of the two-factor solution. The two
factors accounted for 65% of the total variance, and item complexity
was low across the board (mean = 1.0). This 11-item structure was
retained for confirmatory factor analysis using a split sample.

We performed post hoc tests for sampling adequacy for the data
used in the EFA, using the Kaiser-Meyer-Olkin (KMO) measure [73].
The overall measure of sampling adequacy (MSA) provided by the
test was 0.90, which corresponds to marvelous adequacy for factor
analysis in the original Kaiser’s evaluation levels [38]. All individual
item MSAs were above 0.85, ranging from 0.86 to 0.93, supporting
the inclusion of all retained items. We also performed Bartlett’s Test
of Sphericity, which was significant (𝜒2 (45) = 825.59, 𝑝 < .001),
indicating that the correlations among items were sufficiently large
for factor analysis.

4.3 Confirmatory factor analysis
Construct validity refers to “the degree to which a test or instru-
ment is capable of measuring a concept, trait, or other theoretical
entity.” [1]. We conducted a confirmatory factor analysis (CFA) to
evaluate the factorial validity of a two-factor model with a separate
sample. This was done with the factor structure identified by the
EFA described in the previous subsection. Model fit indices are
shown in Table 5 and the loadings in Table 4. The model included
11 items loading onto two correlated latent constructs: technical
infrastructure and sociotechnical infrastructure. All items loaded
significantly (p < .001) on their respective factors, with standardized

loadings ranging from 0.588 to 0.853 for technical infrastructure
and 0.685 to 0.866 on sociotechnical infrastructure. One item in the
technical infrastructure construct exhibited a slightly lower loading
(0.588), which we decided to retain due to negatively worded items
being helpful for lowering response bias.

The model demonstrated excellent fit to the data (N = 123): 𝜒2(43)
= 48.062, p = .275, CFI = 0.993, TLI = 0.991, RMSEA = 0.032, 90%
CI [0.000, 0.074], with p = .715 for RMSEA ≤ .05, SRMR = 0.041.
The two latent constructs were moderately correlated (standardized
estimate = 0.601, p < .001), supporting their conceptual relatedness
while retaining discriminant validity.

4.4 Face and content validity
Content validity refers to “the extent to which a specific set of items
reflects a content domain” [14]. As discussed in the background
section, attitudes are overall evaluations of objects that comprise
three types of information: cognitive, affective, and behavioral [28].
These correspond to beliefs, feelings, and past experiences, respec-
tively. Examining the results of the EFA (Table 3), we find that the
items selected through our scale development for both the technical
and sociotechnical infrastructure reflect all three components.

For the technical infrastructure items, tech4 and tech7 primarily
convey cognitive information, expressing beliefs about the infras-
tructure being well made and functioning effectively. Item tech5
reflects affective content by referring to satisfaction with the in-
frastructure. Items tech8, tech9, and tech10 incorporate behavioral
information, as they refer to personal experiences using the infras-
tructure to perform tasks efficiently and with appropriate tools.

The sociotechnical items similarly represent the tripartite struc-
ture. Items socio2 and socio5 contain cognitive content, describing
beliefs about ease of information sharing and user-friendliness.
Items socio6 and socio9 reflect behavioral experiences related to
enhanced workflows and responsiveness to diverse team needs.
Finally, item socio7 includes an affective element, describing the in-
frastructure as encouraging continuous learning and improvement.

4.5 Convergent validity
“Convergent validity is evidence of similarity between measures
of theoretically related constructs” [14]. To examine convergent
validity of the new scale, we computed Pearson correlations be-
tween the factor scores of two dimensions, Tech and Sociotech, and
factor scores of relevant theoretically related constructs: perceived
autonomy, feedback from the job itself, and job satisfaction (see
Table 6). As expected, Tech and Sociotech dimensions were strongly
correlated with each other (r = .68, p < .001), supporting the idea
that they capture related but distinct aspects of attitudes toward
work infrastructure.

Both dimensions also showed positive correlations with job-
related attitudes. Specifically, technical infrastructure was moder-
ately associated with job satisfaction (r = .47, p < .001), feedback
from the work itself (r = .41, p < .001), and autonomy (r = .34, p <
.001). Sociotechnical infrastructure was likewise significantly cor-
related with job satisfaction (r = .39, p < .001), feedback (r = .48, p <
.001), and autonomy (r = .27, p < .01). These results indicate that
more favorable attitudes toward technical and sociotechnical in-
frastructure are associated with greater perceived autonomy, better
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Table 3: Items after the iterative exploratory factor analysis process.

ID Item F1 F2 Comm. Uniq. Comp. MSA

tech4 The technical infrastructure I use at work is well made 0.88 0.00 0.78 0.22 1.0 0.91
tech5 I am satisfied with the technical infrastructure provided at my workplace 0.88 -0.02 0.75 0.25 1.0 0.91
tech7 Our technical infrastructure works well 0.82 0.09 0.77 0.23 1.0 0.93
tech8 The technical infrastructure I use helps me work more efficiently 0.71 0.13 0.64 0.36 1.0 0.87
tech9 Our infrastructure includes tools appropriate for my work tasks 0.73 0.13 0.64 0.36 1.1 0.93
tech10 The technical infrastructure at my workplace is unreliable 0.79 -0.07 0.56 0.44 1.0 0.91

socio2 Sociotechnical infrastructure makes it easy to share information -0.05 0.83 0.64 0.36 1.0 0.89
socio5 Sociotechnical infrastructure at work is user-friendly 0.15 0.66 0.58 0.42 1.1 0.89
socio6 Our workflow is enhanced by the sociotechnical systems 0.06 0.77 0.65 0.35 1.0 0.89
socio7 Sociotechnical infrastructure encourages learning and improvement -0.09 0.79 0.55 0.45 1.0 0.86
socio9 Sociotechnical infrastructure supports different team needs 0.04 0.85 0.78 0.22 1.0 0.86

Model fit: RMSEA = 0.077 (90% CI: 0.039–0.112), RMSR = 0.03, TLI = 0.953

Table 4: Standardized Factor Loadings from CFA Model

Factor Item Std. Loading

Technical Infrastructure

tech4 0.831
tech5 0.845
tech7 0.853
tech8 0.764
tech9 0.754
tech10 0.588

Sociotechnical Infrastructure

sociotech2 0.701
sociotech5 0.804
sociotech6 0.866
sociotech7 0.685
sociotech9 0.853

Table 5: Fit indices for CFA models

Fit Index Two-Factor Five-Factor
(CFA Split) (Full Sample)

𝜒2 (df), 𝑝 48.1 (43), 𝑝 = .275 297.05 (199), 𝑝 < .001
CFI 0.993 0.962
TLI 0.991 0.956
RMSEA [90% CI] 0.032 [0.000, 0.074] 0.047 [0.035, 0.058]
SRMR 0.041 0.052

Note. Two-factor = technical + sociotechnical infrastructure. Five-factor adds autonomy,
feedback, and job satisfaction.

perceived feedback from the work itself, and higher job satisfaction,
supporting the convergent validity of the scale.

4.6 Criterion-related validity
For a scale to have criterion (or criterion-related) validity, it needs to
be have empirical associations with some criterion, whether or not
that association is understood theoretically [14]. In this study, we
assessed concurrent validity, a subtype of criterion-related validity,
by testing whether attitudes toward technical and sociotechnical
infrastructure were associated with job characteristics and satis-
faction measured at the same time. Specifically, we used a series
of linear regression models to examine whether these attitudes

Table 6: Correlations between latent factor scores.

Tech. Socio. Auto. Feed. Sat.

Tech. 1.00 .68∗∗∗ .34∗∗∗ .41∗∗∗ .47∗∗∗
Sociotech 1.00 .27∗∗∗ .48∗∗∗ .39∗∗∗
Autonomy 1.00 .83∗∗∗ .57∗∗∗
Feedback 1.00 .64∗∗∗
Satisfaction 1.00

Note. Tech = Attitude towards technical infrastructure, Socio = Attitude towards sociotechnical
infrastructure, Auto = Autonomy, Feed = Feedback, Sat = Job Satisfaction. ∗∗∗𝑝 < .0001.

predicted autonomy, feedback from the job itself, and job satisfac-
tion. The results can be seen in Table 7. Technical infrastructure
significantly predicted autonomy (𝛽 = .31, 𝑝 = .001), while so-
ciotechnical infrastructure did not. Both types of infrastructure
predicted feedback from the job itself, with sociotechnical infras-
tructure showing a notably stronger effect (𝛽 = .49, 𝑝 < .001). In
predicting job satisfaction, technical infrastructure was a robust
predictor both directly (𝛽 = .57, 𝑝 < .001) and after adding au-
tonomy and feedback to the model (𝛽 = .41, 𝑝 < .001). Feedback
was the strongest predictor of job satisfaction in the full model
(𝛽 = .60, 𝑝 < .001), while the effect of sociotechnical infrastruc-
ture dropped to non-significance, suggesting that its influence is
mediated through feedback mechanisms.

4.7 Discriminant validity
Discriminant validity has been defined as “Two measures intended
to measure distinct constructs have discriminant validity if the
absolute value of the correlation between the measures after cor-
recting for measurement error is low enough for the measures to
be regarded as measuring distinct constructs” [59]. To assess dis-
criminant validity of our scale, we first computed the Heterotrait-
Monotrait (HTMT) ratios of correlations [33] between infrastruc-
ture scale dimensions and constructs used in criterion-related va-
lidity in the last subsection. The HTMT value between technical
and sociotechnical infrastructure was 0.596. HTMT values between
technical infrastructure and autonomy, feedback, and job satisfac-
tion varied from 0.242 to 0.482. The same values for sociotechnical
infrastructure were between 0.152 and 0.389. Thus, all HTMT values
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Table 7: Four linear regression models predicting autonomy,
feedback, and job satisfactionwith attitudes toward technical
and sociotechnical infrastructure. Estimate followed by the
𝑝-value in parenthesis in the line below

Predictor Autonomy Feedback Job Satisfaction
Direct Mediated

Tech 0.310 0.192 0.573 0.416
𝑝 (<0.0001) (0.045) (<0.0001) (0.0001)
Sociotech 0.099 0.489 0.208 -0.095
𝑝 (0.352) (<0.0001) (0.129) (0.452)
Autonomy — — — 0.138
𝑝 (0.293)
Feedback — — — 0.593
𝑝 (<0.0001)

𝑅2 0.110 0.246 0.221 0.460
Residual SE 0.804 0.815 1.047 0.875
F-statistic 14.83∗∗∗ 35.17∗∗∗ 31.68∗∗∗ 46.88∗∗∗

were well below the threshold of 0.85 advocated by Henseler [33],
supporting discriminant validity among the constructs.

We compared the square roots of the average variance extracted
(AVE) for technical and sociotechnical infrastructure (

√
AVEtech =

0.793;
√
AVEsociotech = 0.787) with the correlations from the model-

implied latent correlation matrix of the CFA model, where the
relationships between latent constructs are adjusted for measure-
ment error. This is also called the Fornell–Larcker criterion [22].
The implied correlation from the CFA model between technical
infrastructure and sociotechnical infrastructure was 0.631, while
the correlations between other constructs were from 0.293 to 0.431.
These results support discriminant validity of our scale, with both
constructs sharing more variance with their own indicators than
with any other construct.

Lastly, we followed the procedure advocated by Rönkkö and
Cho’s [59] by comparing a CFA model in which the correlation
between technical and sociotechnical infrastructure was freely esti-
mated to a constrained model in which their correlation was fixed
to 1.0. The chi-square difference test was significant, 𝜒2 (1) = 170.1,
𝑝 < .001, and both AIC and BIC were lower for the unconstrained
model (AIC: 2394.1 vs. 2562.1; BIC: 2478.6 vs. 2643.9). Taken to-
gether, all these results strongly indicate that the constructs of
technical and sociotechnical infrastructure are empirically distinct
and thus support discriminant validity.

5 Discussion
The presented Software Infrastructure Attitude Scale (SIAS) demon-
strates strong psychometric validity, including construct, conver-
gent, criterion-related, and discriminant validity. These properties
were supported through expert review, item rating, and validation
in a diverse sample of software professionals. Researchers have been
interested in sociotechnical aspects of SE for over a decade [50],
with recent works focusing on these aspects further underlining
their importance in SE research [34, 45]. We believe our work pro-
vides a valuable tool for this line of research.

Both infrastructure dimensions performed as expected in rela-
tion to established constructs of autonomy, feedback from the job

itself, and job satisfaction, with positive bivariate correlations with
all. Attitudes toward technical infrastructure were associated with
perceived autonomy, feedback from the job itself, and job satisfac-
tion in multivariate regression analyses. These results are in line
with self-determination theory (SDT) [13], which emphasizes that
employees who feel supported in their autonomy are more satisfied
with their jobs. While autonomy did not predict job satisfaction
in our model, this is likely due to shared variance with feedback.
From the perspective of SDT, it would be logical that those SE
professionals who have more positive attitudes toward technical
infrastructure, have, on average, better technical infrastructure,
which in turn facilitates higher autonomy, leading to higher job
satisfaction.

Attitudes toward sociotechnical infrastructure only predicted
feedback from the job itself, the definition of which is “the degree
to which carrying out the work activities required by the job results
in the individual obtaining direct and clear information about the
effectiveness of his or her performance” [27]. It can be speculated
that pieces of sociotechnical infrastructure such as coding standards
and communication tools facilitate this feedback.

The practical contribution of this work is a scale with psychomet-
ric properties that researchers and practitioners can use to measure
software professionals’ attitudes toward technical and sociotech-
nical infrastructure. In empirical software engineering research,
the scale can be included in survey studies, either as an indepen-
dent or dependent variable, or as part of a model that combines it
with a set of related constructs. This can mean that the scale can
in part explain constructs such as job satisfaction, individual or
team performance, well-being, or team dynamics. For example, we
have already used the scale as a predictor of job satisfaction in a
model explaining voluntary turnover [43]. For industry, the scale
can support efforts to evaluate and improve infrastructure-related
aspects of the developer experience in organizational settings, for
example, by comparing results across remote and on-site workers
or by location.

The methodological contribution of this work is an exemplar
paper in scale construction for a software engineering specific
context. While prior scales for software engineering have been
developed, they usually stop at an expert review or by just sim-
ply adapt scales from other contexts. We hope our work together
with the guidelines by Graziotin et al. [23] inspires further work
in software engineering scale development and improvement in
measurement.

5.1 Limitations
The developed scale measures attitudes of software professionals
toward technical and sociotechnical infrastructure, that is how it is
perceived, not the quality of this infrastructure. Further empirical
studies are needed to determine the relationship between percep-
tion and actual quality. Furthermore, we do not know much what
professionals’ attitude towards infrastructure affects, as one has to
know how to measure the construct before it can be linked strongly
to outcomes.

Overall attitude towards software infrastructure can be inferred
by using the scale formatively [57], but attitude toward individual
pieces of infrastructure cannot be inferred using this scale. Defining
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latent constructs is difficult, and our division into technical and
sociotechnical infrastructure, while well justified, is not self-evident
to practitioners. Thus, the definitions have to be shown to respon-
dents when using the scale. Furthermore, the boundaries between
these two constructs can be partially overlapping, as for example,
version control systems can be used in technical and sociotechnical
ways. Theorizing this distinction in software engineering would be
valuable for future research.

One limitation of the current scale is the exclusion of all but
one reverse-worded item. These items were originally included to
control for response bias, but most of them exhibited low commu-
nalities and factor loadings. Thus, the resulting instrument includes
mostly positively worded items, which may limit its robustness to
inattentive responding. However, strong model fit and internal con-
sistency of the refined scale mitigate this concern, and we further
recommend using attention check items with the scale.

The scale was primarily constructed by academics, with addi-
tional items generated by a large language model (LLM). While the
impact of using generative AI is unknown, all LLM-generated items
underwent the same validation as human-generated ones.We found
existing LLM guidelines [69] too exhaustive for our purposes. How-
ever, the usage is documented in the replication package. Of the 11
final items, 6 originated from the LLM (2 technical, 4 sociotechnical).
Similarly, exploratory factor analysis involves subjective decisions,
different cutoffs or their order could yield different results. We re-
port our criteria: first removing cross-loading items, then those with
low loadings. As expert evaluation is also subjective, we provide
quantitative validation and document our expert review process in
the replication package.

The affective content in the selected items, that is, information re-
lated to emotions, moods, and feelings, as discussed in Section 4.4, is
somewhat limited. Although some items do reflect affective compo-
nents, they are fewer in numbers than items representing cognitive
beliefs or past experiences. This may underrepresent the emotional
dimension of attitudes in the resulting scale. This result emerged
from following the scale development process, where items were
retained based on psychometric properties rather than on theoret-
ical balance. However, the tripartite theory of attitudes does not
assume equal contributions from all components, and thus we view
our scale as theoretically sound.

Measurement invariance was not assessed in the current study.
As our primary goal was to develop and validate the scale structure,
future research should examine whether the factor structure and
item loadings remain consistent across subgroups (e.g., by gender,
region, or job role). Similarly, we did not assess test-retest reliability.
It is financially difficult to assess measurement invariance before
the scale is in use. Lastly, we have discussed some of the limitations
in data gathering in a previous work [42].

6 Conclusions
Software professionals are often interested in the technologies they
use and the practices embedded in their teams’ ways of working, as
evidenced by the popular Stack Overflow Developer Survey3. How-
ever, despite infrastructure being widely acknowledged as an im-
portant aspect of software development [65], software engineering
3https://survey.stackoverflow.co/2024/

research has lacked validated tools to rigorously assess profession-
als’ attitudes toward it. Following the repeated calls for developing
software engineering specific measures for behavioral and human
factors research [23, 26], we have developed two scales with psy-
chometric properties to measure software professionals attitudes
towards technical and sociotechnical infrastructure. Through rig-
orous item reduction and EFA, we identified a clear two-factor
structure representing technical and sociotechnical dimensions,
with strong loadings, low item complexity, and good model fit. CFA
further supported factorial validity of the scale in a randomized
subsample, showing excellent fit.

The content and face validity of the items were supported by
their alignment with the cognitive, affective, and behavioral com-
ponents of attitudes, and by expert judgment during item genera-
tion and refinement stages. Convergent validity was demonstrated
through moderate to strong correlations with theoretically related
constructs of autonomy, feedback from the job diagnostic survey
and job characteristicsmodel [27, 35], and job satisfaction. Criterion-
related validity analyses showed that attitudes toward technical
infrastructure significantly predicted job satisfaction, autonomy,
and feedback. Finally, discriminant validity was established with
HTMT ratios of correlations, the Fornell–Larcker criterion, and
model comparison.

These results provide strong empirical support for the reliability
of the scale and validity of its structure. The scale offers a theo-
retically grounded and psychometrically supported tool for future
research examining the role of workplace infrastructure in shaping
employee attitudes and outcomes. Ourwork thus paves theway into
theory-testing questionnaire research in the software engineering
domain.

Future research can use this instrument to examine how atti-
tudes toward workplace infrastructure shape a range of behaviors
and outcomes. For instance, developers with positive attitudes to-
ward technical and sociotechnical infrastructure may exhibit higher
productivity, stronger organizational commitment, and more effec-
tive team coordination. They may also be more likely to engage
in knowledge sharing, or produce higher-quality code. Our scale
enables such hypotheses to be empirically tested for the first time
in software engineering research.

Data Availability
A replication package comprising (1) a dataset documenting the
creation of the scale with item reduction through panel review and
favourability ratings; (2) a dataset including data from participants
who consented to their data being shared when administering the
scale; (3) analysis scripts, is available at Zenodo [44].
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