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Abstract 

Context: Most software companies strive to have high-performing teams and 
mitigate withdrawal behaviors like being present but unproductive. In this context, 
psychological safety and developers’ perceived impact are suggested as potential 
drivers of voice and silence behaviors. However, understanding these social 
aspects of software development entails the incorporation of social science 
theories.  

Objective: This study aims to empirically explore the relationships among software 
professionals’ perceived impact, psychological safety, voice and silence behaviors, 
burnout particularly withdrawal and performance using a theoretical model.  

Method: A survey questionnaire was conducted, resulting in valid responses from 
software development teams. Then, we analyzed the responses using structural 
equation modeling (SEM) and a novel semi-confirmatory SEM. All variables were 
measured using pre-validated instruments.  

Results: The findings supported the theoretical model, showing that psychological 
safety was more related to silence than voice, whereas perceived impact shows a 
stronger relationship with voice than with silence. Furthermore, silence contributed 
to higher burnout, whereas voice alleviated it. In contrast, silence showed a negative 
association with performance, whereas voice was positively associated with it.  

Conclusions: This study examines the direct effects of perceived impact and 
psychological safety on voice and silence behaviors. Additionally, it examines the 
direct effects of these behaviors on burnout and task performance among software 
professionals. Consequently, the findings offer both theoretical and practical 
insights. 



 

1. Introduction 

Software development requires a high level of teamwork and communication. 
According to Lenberg et al. [1], communication is the process by which individuals 
exchange thoughts, feelings, or information. Communication is also reported 
recurrently in the literature as a big challenge for software teams [1–4]. In current 
scenarios, software practitioners across all roles must incessantly communicate 
with teammates as well as with project stakeholders, including users, analysts, 
suppliers, customers, and business partners [5]. Recently, implementing 
communication, coordination, and cooperation strategies within the software 
teams has been identified as an important approach to mitigate social, people, and 
process debt [6]. While communication takes different forms, voice behavior is 
distinct from other types of workplace communication [7] and is considered an 
asset for enterprises [4,8]. In turn, voice is linked to and intertwined with silence. 
This means that both voice and silence behaviors can shape a shared 
understanding of requirements, coordination across software tasks, and timely 
adaptation to change, while impacting knowledge sharing, innovation, and 
cohesion.  

Despite the large body of work that has been conducted to understand voice and 
silence behaviors across a wide range of industries, including manufacturing, retail, 
and healthcare [7], only a few studies exist that have analyzed the effect of those 
behaviors on software teams. Therefore, there is a limited understanding of these 
behaviors in SE context, which entails the incorporation of social science theories 
to prevent the over-rationalization of core phenomena [9]. Although voice and 
silence are opposites at the level of a single issue, individuals, including software 
professionals, handle multiple issues at one point in time, as noted by [10]. For 
example, they may voice certain quality concerns, such as usability and 
performance, while remaining silent on others, such as reliability and security. In 
this vein, previous research also highlighted the need for further understanding of 
whether silence has different predictors than voice [7]. It raises the following 
research question: Are voice and silence distinct constructs that relate to 
antecedents and outcomes distinctly in the context of software development?  

To address this question, we follow an execution plan presented in our registered 
report that aims to test a new theory proposed by Sherf et al. [10] about voice and 
silence at co-located teams, or hybrid software teams (part-remote/part-office 
arrangements). Sherf et al. propose a conceptual framework for the independence 
of voice and silence based on the behavioral activation and behavioral inhibition 



systems (see details in the background section). This framework proposes that 
employees’ voice and silence (Section 2.1) may have differential relationships with 
key antecedents, such as perceived impact (2.3) and psychological safety (2.4), as 
well as outcomes, such as team performance (2.5) and psychological withdrawal 
(2.6). Empirically demonstrating whether this theory applies to SE context can 
contribute to the body of knowledge and address the need identified by Lorey et al. 
[9] of testing social theories in SE context before use.  

The remainder of this paper is organized as follows. Section 2 and Section 3 present 
background and hypotheses. Section 4 presents the execution of the plan presented 
in our registered report, while Section 5 reports the data analysis and results. In 
Section 6, we discuss the deviations and limitations of this study and outline the key 
implications that our study has for the research community. Finally, Section 7 draws 
some conclusions. A replication package including our (anonymous) dataset, 
instruments and analysis scripts is available online at [11].  

2. Background 

In this section, we review the following areas of related work: voice and silence 
behaviors, behavioral activation and behavioral inhibition systems, perceived 
impact, psychological safety, work performance psychological safety, and 
withdrawal. 

2.1. Voice and Silence Behaviors 

In work settings, employees’ silence and voice are two separate concepts. 
Employees observe inefficient work procedures, aspects to improve, or 
inappropriate work behaviors on a regular basis [8]. Voice can be defined as 
chances for personnel to have a say and possibly impact organizational affairs 
relating to matters that influence their work and the interests of managers and 
owners [12]. According to Morrison [13], voice is informal, discretionary, and 
change-oriented. Voice benefits for organizations include improved generation of 
ideas, better adaptation to changes, or enhanced problem identification [8]. Voice 
is essential for ensuring that team members’ expertise and competence are used 
properly inside teams [14]. Research has enriched our understanding of how voice 
may be beneficial for error prevention, organizational functioning, and innovation 
[15] and how voice affects the voicers and their teams and supervisors [7].  

On the employee side, voice mechanisms increase alignment between 
organizational and personal goals and enhance productivity, commitment and 
engagement [16,17]. Through resources like voicing ideas, feedback provision, and 
knowledge sharing, supportive practices and relationships at work foster 



psychological safety and influence positive work outcomes such as learning, 
performance, innovation, and creativity [18]. Although voicing new ideas potentially 
benefits an organization, it carries certain risks for employees [8]. For instance, the 
established way of doing things might be challenged by the voicing of new ideas that 
go against the vested interests of other team members.  

On the other hand, silence may reveal circumstances where employees either do 
not have chances to voice or do not use them for several reasons [19]. For instance, 
silence is reported as adverse because employees not communicating their ideas 
and concerns could not only be harmful to psychological and physical health [8] but 
may also damage organizational interests [20]. So far, much of the research on 
silence has investigated it in isolation [7] and is scarce [7,8]. As a result of the 
importance of voice and silence, the decision-making process of employee voice 
and silence behaviors is worth scholarly inquiry [8].  

In SE literature, voice and silence are under-explored constructs. There is a 
scenario-based experiment [21] that explores three factors that contribute towards 
team member silence behaviors in a distributed software project: the individual’s 
level of experience, the role of the offending team member, and the individual’s 
responsibility to report. Findings reveal that some of the factors from the silence 
literature may not be relevant in the context under study. Another experiment [22] 
investigates how voice and related dimensions of group process (group work and 
discussion quality) are affected by group size and social presence. Findings show 
that social presence impacts instrumental and value-expressive voice, as well as 
related outcomes of group process.  

Other SE studies have not focused on or measured voice or silence but have 
mentioned them. For instance, Greiler et al. [23] identified that developers are more 
eager to voice and tackle problems to continuously improve developer experience 
on teams with good psychological safety. In addition, a recent systematic mapping 
of burnout in SE [24] identified that communication practices within a development 
team can lead to burnout among software developers. These practices include 
impolite requests, lack of participation in terms of ’speaking up’, openness to 
criticism, and disagreement among co-workers. Finally, a recent systematic 
literature review [25] found that whistleblowing, which is another area of literature 
related to employee silence, remains an understudied area of SE research. 

2.2. Behavioral Activation and Behavioral Inhibition Systems 

Employee voice is a term that has been used in a variety of contexts and disciplines 
over time. Despite the advances in the literature on voice and silence [7], similar 
mediating judgments, e.g., efficacy judgments, can be found in many studies, 
suggesting that the logic and expected findings could be anticipated in the opposite 



direction by using the word “silence” instead of “voice”. From this perspective, 
silence constitutes a failure to voice whereas voice is a choice not to remain silent 
[13]. The two constructs are inversely related, such that antecedents promoting one 
tend to inhibit the other. For instance, leader openness enhances psychological 
safety, encouraging voice, while reducing silence [7]. However, this view was 
challenged by Sherf et al. [7,10]. Although they are not the first to advocate for 
distinguishing voice from silence, uncertainty has persisted regarding the precise 
nature of their relationship, whether as opposites, as distinct but connected, or as 
entirely independent. Knoll et al. [26] identified these relationships and how they 
may manifest in organizations. Sherf et al. further posit that voice and silence are 
different because they reflect two self-regulatory systems. Voice is an approach 
behavior that reflects the behavioral activation (approach) system (BAS) whereas 
silence is an avoidance behavior that reflects the behavioral inhibition (or 
avoidance) system (BIS). They carried out a meta-analysis and a panel study over six 
months. As a result, they concluded that the frequency of voice and silence is 
determined by the extent to which these independent systems are triggered. In our 
study, we rely on that proposed conceptual framework for the independence of 
voice and silence. 

Previous literature argues that the BAS and BIS are two self-regulatory systems that 
underlie behavior [27]. The BAS regulates appetitive motive and aims to move 
toward potential rewards or opportunities for the self, that is, to approach, seek, or 
achieve them. On the other hand, the BIS regulates aversive motives and aims to 
move away from potential harm or punishment to the self, that is, to avoid, prevent, 
or inhibit them. Moreover, different environmental stimuli trigger the BAS and BIS, 
which are mutually independent. There is also evidence that BAS and BIS are 
connected to emotional states, with positive or negative emotions occurring when 
moving towards positive change or positive stimuli (e.g., rewarded) or away from 
negative change or negative stimuli (e.g., punished). 

2.3. Perceived impact 

Perceived impact is the extent to which individuals believe that they can influence 
outcomes at their work [10]. Thus, impact is the opposite to perceiving that the 
problems arise in the wake of uncontrollability, i.e., "learned helplessness". It is also 
worth noting that perceived impact and “locus of control” are different since locus 
of control is a personality trait that remains in all circumstances, whereas the work 
context influences the perceived impact [28]. 



2.4. Psychological safety 

The concept of psychological safety can be traced back to the 60’s, in the early work 
by Schein and Bennis [29] on organizational change. It gained new attention in the 
late 90’s, largely due to the fundamental contribution made by Edmondson [30]. 
Since then, psychological safety has been identified as a key factor in understanding 
phenomena such as team learning, teamwork, voice, and organizational learning 
[31]. It is positively associated with outcomes such as information sharing, learning 
behaviors, contentment, and employee engagement [32].  

Psychological safety is also an important interpersonal and cognitive concept 
related to positive outcomes in software teams [33]. Recent studies shows that 
once psychological safety is reached, agile teams respond with a range of behaviors 
that improve team dynamics [34] and software quality [35]. Furthermore, 
psychological safety is an important factor in the frameworks designed to 
understand and improve the developer experience [36]. However, negative 
consequences may occur due to excessive psychological safety, which may lead to 
individuals spending valuable time on trivial matters or losing their motivation to 
learn. 

2.5. Work performance 

Previous research on how software developers experience performance suggests 
centricity around behavioral and social sciences [37,38]. Although several team 
performance (or effectiveness) models exist in other disciplines, [39] discussed 
three widely accepted general teamwork effectiveness models and concluded that 
there is a need to increase the understanding of the genuine characteristics of 
software development to know what applies. Despite that fact, communication was 
identified as central in these models. More recently, another study conducted by 
Strode et al. [40] proposes an agile teamwork effectiveness model (ATEM) for 
collocated agile development teams. These authors also argue that communication 
is key to efficient software development in agile teams. 

Generic frameworks used broad dimensions to describe work performance. 
However, individual work performance (IWP) has emerged as a key indicator at both 
team and organizational levels [41]. Based on conceptual grouping of IWP 
dimensions found in the literature, three primary categories can be identified: task 
performance, contextual performance, and counterproductive work behavior. 
However, the main focus of the work and organizational psychology literature is on 
task performance [42].  



2.6. Withdrawal  

The burnout phenomenon is a form of occupational fatigue characterized by 
exhaustion (inability) and withdrawal (unwillingness), according to Schaufeli and 
Taris [43]. For employees, silence may cause feelings of anger and/or fear, reduce 
job satisfaction and creativity, and increase burnout [7].  

Exhaustion is often subsumed by withdrawal, since individuals deal with exhaustion 
by using it as a coping mechanism [44]. In turn, employee withdrawal is a set of 
attitudes and behaviors that is defined as employees’ attempts to remove 
themselves, either temporarily or permanently, from quotidian work tasks perceived 
by the employees as the source of their negative affect [45]. Theoretically, negative 
emotions should precede work withdrawal. In the SE context, a previous study [46] 
found that varying degrees of withdrawal cause developers to distance themselves 
from the task, which increases unhappiness up to considering quitting developing 
software or even the point of quitting the job. 

3. Hypotheses 

The hypotheses are based on established theories and salient themes from 
previous studies. Fig. 1 illustrates the theoretical model and hypotheses. The theory 
hypothesizes that the psychological safety and perceived impact will both be 
related to silence (H1 and H3) and voice professionals (H2 and H4) behaviors among 
professionals. On the other hand, silence and voice behaviors will influence 
psychological withdrawal (H5 and H7) and performance (H6 and H8).  
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Fig. 1 Theoretical model and the hypotheses 



3.1. The Influence of Psychological Safety and Perceived Impact on 
Voice and Silence Behaviors 

Sherf et al. [10] found that “perceived impact and psychological safety differentially 
predict voice and silence behaviors”. Findings showed that voice is more strongly 
affected by perceived impact (through the BAS activation), but silence is more 
strongly influenced by psychological safety (by the BIS activation). Our study 
investigates psychological safety since it is considered a valuable resource [18]. 
Software industry studies identified psychological safety as a top driver of team and 
business performance [23]. Additionally, we will investigate a motivational state 
called perceived impact (influence), which has been found to affect teams in the 
voice and silence literature, but has been overlooked by SE researchers.  

Employees’ perceptions of impact seem a proper environmental cue for the BAS 
since perceived impact is the degree to which employees believe that they can 
influence outcomes at their work [10]. Perceived impact can alert employees about 
their ability to gain opportunities or rewards by voicing knowledge or information. 
For instance, the project team members’ perception of the supervisor’s openness 
to the information about an underperforming project’s flaws has a positive impact 
on the willingness to voice concerns about that project to their supervisor [47]. 
However, in practice, the style of leadership is probably less important than if the 
employee feels that their manager is supportive, sets a positive example, and 
creates an environment where speaking up is safe [7]. Employees who perceive 
greater impact, sense higher levels of control over their work environment and 
develop a greater sense of responsibility to engage in change-oriented behaviors 
like voice [48].  

High perceived impact levels would increase voice with the objective of achieving 
desired work outcomes. However, if the environment creates a sense of learned 
helplessness in which no opportunities to achieve gains or rewards exist, the BAS is 
less likely to be triggered, leading to low infrequent levels of voice [10]. Approach 
behaviors like voice are not triggered when there is a low perceived impact because 
rewards or opportunities are either absent or not achievable. It suggests that 
silence, as an inhibition-oriented behavior, will be less strongly influenced by 
perceived impact because it is less associated with BIS states triggered by the 
presence of risk (e.g., fear, anxiety and vigilance) or by the absence of risk (e.g., 
security, relief and calmness) [10]. 

Psychological safety seems a proper environmental cue for the BIS since 
psychological safety refers to the degree to which behaviors might have negative 
interpersonal outcomes [7,49]. Psychological safety is a key factor of high-quality 
communication, decision making, and trust that plays a vital role within workplace 
teams [18,50]. Psychological safety facilitates interpersonally risky behaviors like 



speaking up and voicing [8,18,50]. According to Newman et al. [18], previous work 
on enhancing psychological safety also suggests that employees feel safer sharing 
ideas and speaking out when the higher status of the team or employee is. In 
particular, experienced employees with high work positions are more likely to 
believe that speaking up will bring them positive outcomes [8]. However, although 
employees think their contribution would be valuable to the team, they sometimes 
choose silence over voice when there is a lack of psychological safety [15]. Lack of 
psychological safety would increase employee silence with the objective of avoiding 
potential threats, risks or dangers in the work setting. However, if the environment 
is psychologically safe, the BIS is less likely to be triggered, leading to low or 
infrequent levels of silence [10]. Avoidance behaviors like silence are not triggered 
when there is high psychological safety because there will be no negative stimuli 
(potential harm or punishment). It suggests that voice, as an approach-oriented 
behavior, will be less strongly influenced by psychological safety because it is less 
associated with BAS states like hope, enthusiasm, or eagerness [10]. 

Given that psychological safety and perceived impact can take place 
simultaneously, e.g., [10,48], we include these predictors as control variables in our 
hypotheses as recommended by Becker et al. [51] and formulate the following:  

Hypotheses H1 and H2: Psychological safety in software development teams 
relates more strongly to their silence than to their voice when controlling for the 
effect of team members’ perceived impact. 

Hypotheses H3 and H4: Software development team members’ perceived impact 
relates more strongly to their voice than to their silence when controlling for the 
effect of psychological safety. 

3.2. Relationships of Voice and Silence with Withdrawal and 
Performance 

Sherf et al. [10] also proposed that silence relates to burnout and provides empirical 
evidence linking it to withdrawal more strongly than voice. They also suggested that 
future research should examine the differential relationships of voice and silence 
with performance.  

Prior research [10] suggests that frequent BIS activation can have a negative impact 
on well-being costs by increasing aversive states like strain, stress, or fatigue. A 
longitudinal study [52] found reciprocal effects between silence, abusive 
supervision, and fear. Abusive supervision increased fear and led to more defensive 
silence, which in turn resulted in more abusive supervision. These effects were 
intensified by lower assertiveness and higher climate-of-fear perceptions. 
Moreover, a four-wave longitudinal study [53] found reciprocal effects between 



burnout and silence. Two imposed forms of silence (acquiescent and quiescent) 
were related to increased levels of subsequent burnout, which in turn related to 
increased silence. Likewise, a survey study [54] revealed that silence leads to 
burnout, which results in weakening performance, an increase in withdrawal 
behaviors, and turnover intentions. Through the mediation of job burnout, silence 
has a more pronounced negative effect on employee performance and a positive 
impact on turnover intentions. Findings of these studies show that silence has a 
consistently positive relationship with burnout. From an approach-avoidance 
perspective, these findings can be understood as a movement away from negative 
stimuli.  

On the other hand, voice effects on occupational well-being have not been well 
understood [7,55]. Engaging in voice can potentially damage employees’ well-being 
when leading to harmful consequences, e.g., damaged relationships with co-
workers and superiors, or loss of career opportunities [55]. It also fosters situations 
where employees talk about potentially uncomfortable issues and defend 
alternative points of view, making voice a highly resource-demanding behavior. 
Moreover, a lack of understanding of how voice may impact well-being is critical 
since low well-being can result in deterioration of health, withdrawal, and higher 
turnover [55]. Depending on how (un) favorably others perceive voice, it may either 
increase or reduce withdrawal and exhaustion [8]. However, research identified that 
approach motives and sensitivity to BAS have no effect on outcomes similar to 
burnout, e.g., strain [56]. As a result of this uncertainty, we suggest that voice’s 
relationship with burnout, in particular withdrawal, should be weaker than the 
relationship between silence and burnout. Our study will examine withdrawal 
because it has been identified as a relevant factor that affects software 
development. A recent study [23] identified “speaking up” as a strategy to improve 
the developer experience, and “no longer speaking up” and “reducing engagement” 
about the problems as coping mechanisms. The last implies that practitioners still 
performed only absolutely necessary duties, which means “withholding work 
efforts” a characteristic of withdrawal behavior. Hence, we propose the following 
hypothesis: 

Hypotheses H5 and H7: Software development team members’ silence presents a 
stronger association with withdrawal compared to their voices. 

Research on performance is related to voice (a response to BAS). As BAS is related 
to obtaining and striving for opportunities and rewards, engaging in voice may affect 
performance by signaling an employee’s prosocial contributions to the team [13]. 
Recently, a longitudinal approach found that voice more positively impacts team 
effectiveness when teams face discontinuous change [14]. Particularly, prohibitive 
voice reduced performance losses by enabling error management at the 



discontinuous change phase and promotive voice enhanced performance gains by 
enabling process innovation at the recovery phase. Moreover, a meta-analysis [57] 
identified that the relationship between high-performance managerial practices 
and job performance is mediated by voice. Research also suggests that group and 
organizational effectiveness suffers when there is a high level of silence and 
performance is better when employees share their ideas and concerns [13]. As 
mentioned before, BIS regulates aversive motives and can lead to strain. Silence 
may have a negative impact on performance by consuming employees’ energy and 
eventually lowering feelings of personal accomplishment [13,53]. Hence, we 
propose the following hypotheses: 

Hypothesis H6 and H8: Software development team members’ voice presents a 
stronger association with work performance compared to their silence. 

4. Plan Execution 

The plan execution followed our registered report with some deviations, which are 
mentioned throughout this paper. Specifically, this section outlines our approach, 
which was guided by the theoretical model shown in Fig. 1. 

4.1. Population and Inclusion Criteria 

Initially, we targeted software development teams, aiming to recruit all team 
members through a single global campaign that employed an English-language 
questionnaire as outlined in our registered report. While we anticipated that 
response rates would be a challenge in studies like this, and took steps to minimize 
the time commitment for respondents, our preliminary analysis of the data 
collected between June and November 2023 indicated that this approach was 
ineffective. The low response rate was not only due to difficulties in obtaining 
responses from all team members, but also because the proportion of valid 
responses was much lower than expected. 

Consequently, we decided to revise our convenience sampling strategy by shifting 
the focus from team to individual software professionals and conducting local 
campaigns to recruit participants from Spanish speaking countries. Although the 
initial data collection was unsuccessful, we decided to maintain our original plan 
from the registered report and did not offer cash incentives for participation. 
Furthermore, as originally planned, the questionnaire was made available to a 
broad range of software professionals, including designers, project managers, 
quality assurance specialists, architects, and business analysts. 



4.2. Instrument Design 

The questionnaire was designed alongside the hypotheses prior to initiating the data 
collection process. In line with the registered report, we developed an anonymous 
questionnaire using the survey tool QuestionPro. Therefore, we avoided using URL 
tracking or collecting any contact information. 

Questions were grouped into three main parts i) demographic information, ii) 
professional experience, and iii) theoretical model. Fig. 2 provides an overview of 
the questionnaire, while the complete survey is available in the replication package 
[11].  
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Fig. 2 Overview of the structure of the questionnaire with an asterisk (*) indicating 
the differences from the registered report. 

The first two sections of the questionnaire featured single-choice selection 
questions based on predefined lists (PL). The first section focused on basic 
demographic information including participant age (Q2; PL: 18-25, 26-35, 36-45, 46-
55, 56-65, 66+ years), gender identity (Q3; PL: man and woman), and education (Q4; 
PL: undergraduate degree, master's degree, and doctoral degree). These questions 
provided the option “Prefer not to say,” and the last two included free-text input 
fields: “I prefer to describe myself” for gender identity and “Other” for education. 
However, education was not part of our registered report. The second section 
addressed participants’ years of experience (Q6). Different from the registered 
report, this section included questions related to participants’ current job: work 
model (Q6; PL: Remote, Hybrid, and On-site), years of experience (Q7), team size 
(Q8), job role (Q9; PL: analyst, architect, developer, tester, project manager), and 
country where the participant works (Q10).  



The third section of the questionnaire included single-select matrix questions based 
on the following validated scales to strengthen construct validity. 

Perceived impact (Q11; Pi) is the extent to which individuals believe that they can 
influence outcomes at their work [10]. To capture respondents’ perceived impact on 
their teams, we used a three-item measure (1 = “strongly disagree” to 5 = “strongly 
agree”) [28]. 

Psychological safety (Q12; Ps) is defined as “a shared belief held by members of a 
team that the team is safe for interpersonal risk-taking” [30]. For the BIS is relevant 
and highly salient that perceptions about the possibility that one's communication 
will result in a negative outcomes such as discomfort or rejection [10]. To capture 
individuals’ experience of psychological safety in their team, we used a seven-item 
measure developed in [30]. Items were each measured on a seven-point Likert scale 
(1 = “strongly disagree” to 7 = “strongly agree”). 

Withdrawal (Q13; Bo). Withdrawal manifests through a set of attitudes and 
behaviors such as increased resistance, reduced commitment, lack of interest, 
disengagement, mental distancing. To assess psychological withdrawal, we use 
eight items from [58]. All items are scored on a 7-point Likert scale (1 = “never” to 7 
= “daily”). 

Voice (Q14; Vo) is the expression of concerns and ideas with the goal of influencing 
others in order to induce improvements or changes [10]. Workplace response to 
BAS regulation is voicing issues to obtain successes, rewards, or opportunities [10]. 
In the last decade, according to Morrison [7], there has been increasing use of the 
measure proposed by Liang et al. [49]. To capture respondents’ voice, we utilized a 
promotive (three items) and prohibitive (three items) voice measure (1 = “Never” to 
7 = “Daily”) from Liang et al. [49] and adapted by Sherf et al. [10].  

Silence (Q14; Si) is the suppression of concerns and ideas with the goal of 
preventing or avoiding communication that could cause harm to oneself [10]. 
Workplace response to BIS regulation is withholding issues to avoid failures, risks, 
or punishments. According to Morrison [7], the general, non-motive-based 
measures proposed by Tangirala and Ramanujam [48] and Detert and Edmondson 
[15] are among the most widely used. To capture respondents’ silence, we utilize a 
three-item silence scales (1 = “Never” to 7 = “Daily”) adapted from those measures 
by Sherf et al. [10].  

Work performance (Q15; Wp) is defined as a “proficiency or ability to perform the 
tasks that are central to one’s job” [42]. This dimension contributes to the 
organization’s technical core by including ability in planning and organizing work, 
quality of work, results-oriented, and ability to work efficiently. To assess work 



performance, we use five items (1 = “rarely” to 5 = “always” defined in [59] based on 
the items suggested in [41]. 

Due to the shift in focus from teams to individual software professionals, we 
selected a different scale for work performance (Q15) than the one defined in our 
registered report. Additionally, we included the following final open-ended question 
(Q16): “Is there anything else you want to tell us about how team members' 
behaviors affect your software development team?” 

Finally, the English questionnaire was first translated into Spanish by a bilingual 
native Spanish speaker (forward translation). A bilingual native English speaker then 
translated it back into English (backward translation). We compared both versions 
to identify any discrepancies or inconsistencies. For the work performance scale, 
the Spanish version was also cross-checked against a previously validated Spanish 
version [59]. As a result, no issues were found. 

4.3. Pilot 

We asked five colleagues, including two software engineering academics and three 
software developers, for feedback on the questionnaire. Their comments focused 
on the structure, as well as the face and content validity of the scales. Based on this 
feedback, we made some minor changes, such as moving the Performance scale 
closer to the end, adding an open-response question, and including the 
participant's country of work. These changes helped us enhance the content validity 
of the questionnaire. 

4.4. Data Collection 

After the pilot, the first author recruited collaborators based in Mexico and Ecuador 
to assist in disseminating the survey, while the other authors, located in Panama 
and Spain, contributed to this effort. This approach ensured that participants were 
software professionals and leveraged each collaborator’s local knowledge to reach 
a broader pool of potential participants in each country. Nevertheless, the 
questionnaire included a filter question to exclude participants who were not 
software professionals and/or who did not provide consent. denied consent, 
redirecting them to the end of the questionnaire.  

Participants received an invitation with a survey link and were encouraged to share 
it with colleagues who might also be interested. As the survey was anonymous, we 
did not request participants to provide their colleagues' email addresses. A 
remainer was sent one-week later. The survey was available from November 2024 
to January 2025. 



5. Analysis and Results 

We received a total of 215 responses of which 51 were incomplete. As a result, we 
obtained 164 complete responses. This section describes how the data was 
cleaned and analyzed. The dataset is available in the replication package [11].  

5.1. Data Cleaning 

After exporting the data to an Excel file, the data was cleaned as follows. To preserve 
anonymity, we delete the timestamp field. Then, we examine the consent form 
confirmation field (checkbox, response YES/NO). As we expected, all respondents 
consented to participate, and this field was deleted since the response was always 
“YES”. As mentioned before, a total of 215 responses were received but 51 were 
incomplete. Among the 164 participants who provided complete responses, six 
reported not being software developers, leaving 158 valid responses. 

To calculate the value for items on a reversed scale, the following formula is used: 
reverse scale(x) = max(x) + 1 - x. This adjustment was made for three items in the 
Psychological Safety Scale: Ps-1 ”If I make a mistake on this team, it is often held 
against me”, Ps- 3 “People on my team sometimes reject others for being different”, 
and Ps- 5 “It is difficult to ask other members of my team for help”. For example, on 
a 7-point Likert scale, if the original score is 1 and the maximum value is 7, the 
calculation would be (7 + 1 = 8) and then subtract the original score from the result 
(8 - 1 = 7). 

5.2. Demographics  

All 158 participants self-identified as current software professionals. Table 1 shows 
an overview of the frequency of responses. The majority of participants identified as 
men (n = 123, 77.85%), while 33 (20.89) identified as women and two preferred not 
to disclose their gender (1.27%). Although most participants (91.14%, 144) were 
under 55, 14 (8.86%) preferred not to disclose their age. Moreover, most participants 
indicated having an undergraduate degree (86, 54.43%), followed by a graduate 
degree (56, 35.44%), while the remaining 16 indicated holding other types of 
degrees. 

Additionally, the highest share of participants reported working on-site (38.61%) 
although remote (37.34%) and hybrid (24.05%) models were also commonly 
reported. As we expected, the largest job role among participants were developers 
(52.53%, 83). Due to the sampling strategy, the participants were working in Ecuador 
(42.41%, 67), Spain (22.15%, 35), Panama (2.15%, 35), Mexico (10.76%, 17), and the 
United States (2.53%, 4). Regarding total years of professional experience, 13.92% 



of participants (22 individuals) had less than one year, while 86.08% (136 
individuals) had more than one year, with an average of 9.3 years. In their current 
job, 23.42% (37) had less than one year of experience, while 76.58% (121) had more 
than one year, with an average of 6.3 years in the current role. 

Table 1 Overview of frequency of responses (participants, n= 158) 

Demographic information # % Professional experience # % 

Gender   Working model   
Male 123 77.85 Remote 59 37.34 
Female 33 20.89 Hybrid 38 24.05 
Prefer not to say 2 1.27 On-site 61 38.61 
Age   Job role   
Under 26 25 15.82 Analyst 7 4.43 
26-30  29 18.35 Architect 10 6.33 
31-35  33 20.89 Developer 83 52.53 
36-45 41 25.95 Tester 16 10.13 
46-55 16 10.13 Project Manager  13 8.23 
Prefer not to say 14 8.86 Others 29 18.35 
Education   Country   
Undergraduate  86 54.43 Ecuador (52) 67 42.41 
Graduate 56 35.44 Mexico (114) 17 10.76 
Doctorate 3 1.90 Panama (135) 35 22.15 
Prefer not to say 2 1.27 Spain (163) 35 22.15 
Other 11 6.96 US (187) 4 2.53 
Years of experience (Total) Years of experience (Current Job) 
Less than 1 year 22 13.92 Less than 1 year 37 23.42 
More than 1 year (mean=9.3) 136 86.08 More than 1 year (mean=6.3) 121 76.58 

 

5.3. Evaluation of the Measurement Model 

First, we assessed content validity through a pilot study (Section 4.3). Then, 
statistical analysis was conducted. The scree plot illustrated in Fig. 3 indicates that 
six latent factors are present in our data.  

 



Fig. 3 Scree plot, indicating six factors or components before a linear trend. 

Hence, exploratory factor analysis (EFA) with 6 factors was conducted on the survey 
items by the principal factor method with Varimax rotation that determined the 
dimensions of each variable examined. Table 2 displays the results of EFA that 
delineated each variable into a specific group.  

Table 2 Results of exploratory factor analysis. Notes: * p< 0.05; **p < 0.01. A cutoff 
of 0.4 was used for factor loadings.  

Construct 
Bartlett’s test of 
sphericity and df KMO 

Construct (% explained 
of total variance) 

Perceived impact (Pi) 227.219** 0.735 Pi (15.99%) 

Pi1: My impact on what happens in my team is large   0.804 

Pi2: I have a great deal of control over what happens in my team   0.752 

Pi3: I have significant influence over what happens in my team   0.828 

Psychological safety (Ps) 175.306** 0.734 Ps (13.81%) 

Ps1: If I make a mistake on this team, it is often held against me   0.631 

Ps2: Members of my team are able to bring up problems and 
tough issues 

   - 

Ps3: People on my team sometimes reject others for being 
different  

  0.675 

Ps4: It is safe to take a risk around here   0.402 

Ps5: It is difficult to ask other members of my team for help   0.585 
Ps6: No one on my team would deliberately act in a way that 
undermines my efforts 

  -  

Ps7: Working with my team members, my unique skills and 
talents are valued and utilized 

  0.473 

Voice (Vo) 464.361** 0.819 Vo (21.11%) 

Vo1: I proactively gave suggestions for issues that may 
influence my team 

  0.740 

Vo2: I proactively voiced constructive suggestions which are 
beneficial to my team 

  0.728 

Vo3: I made suggestions on how to improve my team’s working 
procedures 

  0.774 

Vo4: I advised against undesirable behaviors that would 
hamper my team’s job performance 

  0.504 

Vo5: I spoke up honestly about problems that might cause 
serious loss to the work team, even when/though dissenting 
opinions exist 

  0.773 

Vo6: I pointed out problems when they appeared in my team, 
even if that would hamper relationships with other colleagues 

  0.700 

Silence (Si) 139.507** 0.698 Si (11.26%) 
Vo7: I kept quiet and did not make recommendations about how 
to fix work-related problems 

  0.614 

Vo8: I kept ideas about how to improve work practices to myself   0.811 

Vo9: I choose not to speak up with ideas for new or more 
effective work practices 

  0.711 

Withdrawal (Bo) 357.366** 0.822 Bo (18.34%) 
Bo1: I think of being absent   0.800 
Bo2: I chat with co-workers about nonwork topics   - 
Bo3: I leave my work station/area for unnecessary reasons   0.771 
Bo4: I daydreaming   0.599 
Bo5: I spend work time on personal matters   0.735 
Bo6: I put less effort into my work than I should have   0.714 
Bo7: I think of leaving my current job   0.643 
Bo8: I let others do my work   0.594 



Work performance (Wp) 324.969** 0.845 Wp (19.49%) 
Wp1: I managed to plan my work so that I finished it on time   0.688 
Wp2: I kept in mind the work result I needed to achieve   0.666 
Wp3: I was able to set priorities   0.790 
Wp4: I was able to carry out my work efficiently   0.714 
Wp5: I managed my time well   0.736 

 

The results using a cutoff of 0.4 for factor loadings suggest that Perceived impact 
(Pi), Psychological safety (Ps), Voice (Vo), Silence (Si), Withdrawal (Bo) and Work 
performance (Wp) were loaded on one factor, comprised of three, five, six, three, 
seven and five items, respectively, with 15.99%, 13.81%, 21.11%, 11.26%, 18.34%, 
and 19.49% of the total variance explained. The factor loadings of the items ranged 
from 0.402 to 0.811 for factors above the cutoff value of 0.40. Bartlett’s tests of 
sphericity for each factor with values of 227.219, 175.306, 357.366, 464.361, 
139.507, and 324.969, respectively, were all strongly significant (p<0.001). 
Moreover, Kaiser–Meyer–Olkin (KMO) statistics of sampling adequacy are high (KMO 
of 0.735, 0.734, 0.822, 0.819, 0.698, and 0.845, respectively). However, some 
loadings of Withdrawal (Bo) and Psychological safety (Ps) with a cutoff below 0.2 
were initially loaded on two and three factors. To ensure a single-factor structure, 
Bo2, Ps2 and Ps6 were removed. Previous research also found convergent validity 
issues with the psychological safety scale and removed Ps2: “I have a great deal of 
control over what happens in my team” [34]. The resulting EFA allowed to increase 
the total variance explained from 49.35% to 53.09%, with respectively 15.15%, 
13.43%, 21.33%, 11.58%, 18.62%, and 19.88% of total variance explained by the 
factors. For reduced factors, corresponding to Withdrawal (Bo) and Psychological 
safety (Ps), the Bartlett’s tests remained strongly significant with test statistics of 
147.872 and 338.846, and KMO values of 0.730 and 0.826 respectively. We further 
proceed with internal consistency analysis for the reduced factors. 

Internal Consistency. This check aims to ensure that the items consistently and 
reliably measure the intended latent variables. Consequently, we assessed the 
reliability of the scales by using a Cronbach’s alpha (α). Table 3 shows that the 
scales used for the variables demonstrated good reliability (Cronbach’s α > .70) 
overall. We can conclude that our tests meet the reliability criteria. Pearson's 
bivariate correlation analyses demonstrated that perceived impact (r = -0.263) and 
psychological safety (r =−0.254) had statistically significant negative relationships 
with professionals’ withdrawal, while only perceived impact (r = 0.216) had 
statistically significant positive relationships with professionals’ performance. 
Voice showed positive associations with perceived impact (r = 0.302) while silence 
showed negative associations with psychological safety (r = -0.232). As expected, 
silence was positively associated with Withdrawal (r = 0.383) and negatively 
associated with performance. 



Table 3 Cronbach’s α, means, standard deviation (SD) and correlations for key study 
variables. Notes: * p< 0.05; **p < 0.01 

 Scales Items α M SD 1 2 3 4 5 6 

1 Pi 3 0.867 3.68 0.928 1 .298** .302** -0.094 .216** -.263** 

2 Ps 5 0.706 5.65 1.036 
 

1 0.034 -.232** 0.151 -.254** 

3 Vo 6 0.856 4.64 1.317 
  

1 -0.028 0.148 0.026 

4 Si 3 0.788 2.73 1.478 
   

1 -0.098 .383** 

5 Wp 5 0.855 4.45 0.525 
    

1 -.344** 

6 Bo 7 0.809 2.11 0.993 
     

1 

 

5.4. Evaluation of the Structural Model  

To test our hypotheses, we use structural equation modeling (SEM) since this study 
aims to test a theory involving constructs, i.e., latent variables. In this study, 
Perceived impact (Pi), Psychological safety (Ps), Voice (Vo), Silence (Si), Withdrawal 
(Bo) and Work performance (Wp) act as the constructs.  

To design a structural equation model, we first define a measurement model, which 
maps each reflective indicator into its corresponding construct. For example, each 
of the three items comprising the Perceived impact (Pi) scale is modeled as a 
reflective indicator of perceived impact. The causal SEM structure then follows 
Fig.1. SEM then uses confirmatory factor analysis (CFA) to estimate each construct 
as the shared variance of its respective indicators while also estimating the strength 
of each relationship and the overall accuracy of the model.  

Thus, CFA was conducted to verify that the measurement model is consistent. Here, 
the latent concepts are captured by their respective exogenous variables. A robust 
WLSMV estimator was used to account for the data observed on a Likert scale. We 
evaluated the model with all variables included in the factors (m_1), and the model 
with reduced factors for Withdrawal and Psychological Safety (m_2). Both models 
were executed, and all diagnostics were run. We evaluate model fit by inspecting 
several indicators, as shown in Table 4. Here, we see that both m_1 and m_2 have 
significant differences from the respective saturated models and have many of the 
other fit criteria slightly worse than the desired cutoffs.  

Table 4 Model fit assessment based on recommended indicators [60]. Notes: †value 
does not satisfy fit criteria 

Indicators 𝒎𝟏 𝒎𝟐 𝒎𝟑 Cutoff Value  

Chi-Squared 500.718 653.210 144.412 
Lower values indicate a better fit. Ideally, a non-significant chi-
square (p>0.05) is desired 

Chi-Squared / df ratio 1.364 1.436 0.806 Ratios less than 3 are considered indicative of a good fit 



Indicators 𝒎𝟏 𝒎𝟐 𝒎𝟑 Cutoff Value  

P-value 0.000† 0.000† 0.973 
P-value of Chi-Squared test with respect to the saturated model 
(above 0.05 is desired) 

Comparative Fit Index  
(CFI) 0.943† 0.920† 1.000 

Values above 0.95 suggest a good comparative fit between the 
hypothesized model and the observed data 

Tucker-Lewis Index  
(TLI) 0.937† 0.913† 1.037 Similar to CFI, values above 0.95 are generally considered good. 

Root Mean Square Error  
of Approximation (RMSEA) 

0.048 0.053 <0.001 Values less than 0.06 indicate a good fit  

Standardized Root Mean 
Square Residual (SRMR) 0.089† 0.093† 0.065 Values less than 0.08 are generally considered favorable  

 

Further to check robustness of our conclusions from models m_1 and m_2 to the 
model that satisfy all assumptions regarding the fit, we used the optimal semi-
confirmatory model (m_3) with respect to including or not including each of the 
observed variables in their respective factors, found by parallel Mode Jumping 
Markov Chain Monte Carlo (MJMCMC) search [61] implemented in FBMS (version 
1.1) R package . This approach is particularly suited for high-dimensional discrete 
spaces with multimodal likelihood surfaces, such as those arising in semi-
confirmatory SEM. 

For the MJMCMC, 16 parallel chains for 250000 iterations each were run. The 
Bayesian Information Criterion (BIC) allowing for computing the approximate 
marginal likelihood of each model m of exp⁡(-0.5×BIC_m) is not available for 
WLSMV estimator due to its non-likelihood based nature, we did not target marginal 
model posteriors. Instead, we defined an auxiliary target distribution of form (1):  

 

q(m)∝exp(CFI_m+TLI_m-RMSE_m-SRMR_m) (1) 

 

Here, CFI_m is the comparative fit index of the model m, TLI_m is the Tucker-Lewis 
Index of model m, RMSE_m is the root mean squared error of approximation, and 
SRMR_m is the standardized root mean square residual of model m. We first ran 
unconstrained optimization, which resulted in a perfect fit but reduced the factors 
to being not satisfying validity and internal consistency requirements. Hence, we 
reformulated the optimization into a constrained integer optimization problem, 
where we force the KMO and Cronbach α of each factor in the considered models 
being above 0.6, and Bartlett’s tests results being significant on 0.05 level. These 
constraints additionally induce regularization and prevent overfitting. The final 
optimization problem is defined in Equation (2):  

 

max
m

{exp(𝐶𝐹𝐼𝑚 + 𝑇𝐿𝐼𝑚 − 𝑅𝑀𝑆𝐸𝑚 − 𝑆𝑅𝑀𝑅𝑚)} , where 



 m = (γ1
Pi, γ2

Pi, γ3
Pi, γ1

Ps, … , γ7
Ps, γ1

Vo, … , γ6
Vo, γ1

Si, γ2
Si, γ3

Si, γ1
Bo, … , γ8

Bo, γ1
Wp

, … , γ5
Wp

), 𝛾𝑖
𝐾 ∈ {0,1}, 

subject to 

KMOm
Pi > 0.6 , and αm

Pi > 0.6, and bpm
Pi < 0.05;  

KMOm
Ps > 0.6 , and αm

Ps > 0.6, and bpm
Ps < 0.05;  

KMOm
Vo > 0.6 , and αm

Vo > 0.6, and bpm
Vo < 0.05;  

KMOm
Si > 0.6 , and αm

Si > 0.6, and bpm
Si < 0.05;  

 KMOm
Bo > 0.6 , and αm

Bo > 0.6, and bpm
Bo < 0.05; 

 KMOm
Wp

> 0.6 , and αm
Wp

> 0.6, and bpm
Wp

< 0.05 

 

The MJMCMC search procedure used to solve Equation (2) is outlined in the 
replication package [11] (see Supplementary_Appendix_A). The resulting optimal 
model, m_3, excluded Ps2 and Ps7 from the Psychological Safety factor. It retained 
only Bo3, Bo4, and Bo5 within the Withdrawal factor. Additionally, it removed Wp3 
variable from Work Performance factor and excluded Vo4, Vo5, Vo6 from the voice 
factor. The remaining factors are identical to m_1 and m_2. The three models 
m_1,m_2,m_3 had the fit statistics reported in Table 4. As expected, m_3 satisfies 
all fit criteria well in the strictest sense. While m_1  and m_2 were significantly worse 
than the respective saturated (p-values of Chi-Squared test <0.001) models and had 
SRMR above 0.08.  

Although we obtained a better SEM fit for m_3, the underlying factors obtained from 
a semi-confirmatory model need to be studied. By design, m_3 satisfies all 
psychometric constraints, including factor reliability and adequacy and thus has 
satisfactory validity and internal consistency. In Table 5, we report the 
characteristics of the factors in m_3.  

Table 5 Characteristics of underlying latent factors for m_3.  

 Factors Items Bartlett’s statistics df p-value KMO α 

Pi Perceived Impact 3 227.219 3 <0.000 0.735 0.867 

Ps  Psychological Safety 5 116.100 10 <0.000 0.706 0.617 

Vo Voice 3 227.966 3 <0.000 0.717 0.859 

Si Silence 3 139.507 3 <0.000 0.698 0.788 

Bo Withdrawal 3 94.641 3 <0.000 0.644 0.683 

Wp Work Performance 4 205.780 6 <0.000 0.769 0.810 

 

Once the model m_3 was executed and all diagnostics passed, that is, lavaan ended 
normally after 75 iterations with 52 free parameters and n = 158. We evaluate model 
fit by inspecting the indicators listed in Table 4. 

The CFA fit by a robust WLSMV estimator converged in the model m_3 and all the 
indicators load well on their constructs as shown in Fig. 3. The estimates for Ps1, 



Ps3, and Ps5 are positive because these items were reversed (i.e. lower score = 
better psychological safety).  

Table 6 Structural equation model regressions for m_3. Notes: * p< 0.05; **p < 0.01 

Regressions  Estimate Std.Err z-value P(>|z|) Std.lv 

Voice~ Psychological Safety -0.038 0.169 -0.224 0.823 -0.025 

 Perceived Impact 0.546 0.141 3.884 <0.001** 0.491 

Silence~ Psychological Safety -0.473 0.213 -2.222 0.026** -0.271 

 Perceived Impact -0.096 0.14 -0.688 0.491 -0.076 

Work Performance~ Voice 0.146 0.059 2.483 0.013** 0.299 

 Silence -0.064 0.044 -1.443 0.149 -0.149 

Withdrawal~ Voice -0.116 0.105 -1.111 0.267 -0.103 

 Silence 0.356 0.11 3.223 0.001** 0.36 

 

Table 6 provides the central to our hypotheses estimates for model m_3, while in 
Table 7, we summarize the p-value for the three SEM models addressed. 
Furthermore, Table 7 shows the estimates and interpretations of hypotheses H1-H8 
based on the model m_3, along with the corresponding conclusions. 

Table 7 Hypotheses assessment. Notes: † factor loading issues; * p< 0.05; **p < 0.01 

Hypotheses 
𝒎𝟏 𝒎𝟐 𝒎𝟑 

p-value p-value p-value estimate Interpretation Conclusions 

H1  0.066
† 0.035* 0.026* -0.473 Accepted Psychological safety is inversely related to both the 

software developer’s silence (H1) and voice (H2), but 
it is significantly and more strongly associated with 
changes in his/her silence. 

H2 0.496 0.442 0.823 -0.038 Rejected 

H3 <0.001** <0.001** <0.001** 0.546 Accepted Change in the software developer’s voice is directly 
and significantly related to perceived impact (H3) 
showing a stronger association than his/her silence 
(H4), which is negatively related but not significant. 

H4 0.502 0.315 0.491 -0.096 Rejected 

H5 0.001** 0.001** 0.001** 0.356 Accepted Change in the software developer’s silence is directly 
and significantly related to withdrawal (H5) showing a 
stronger association than his/her voice (H7), which is 
negatively related but not significant. 

H7 0.664 0.791 0.267 -0.116 Rejected 

H6 0.052
† 0.052

† 0.013* 0.146 Accepted Work performance is directly and significantly related 
to the software developer’s voice (H6) whereas 
silence (H8) is negatively related but not significant. H8 0.013* 0.020* 0.149 -0.064 Rejected 

 

In summary, all diagnostics indicate the model m_3 is safe to interpret (i.e. CFI = 
1.000, RMSEA < 0.001, SRMR = 0.065). Fig. 4 illustrates the supported structural 
equation models. The arrows between the constructs show the supported 
relationships. The path coefficients (the numbers on the arrows) indicate the 
relative strength and direction of the relationships. For example, the arrow from 
Psychological Safety to Silence indicates that the hypothesis that Psychological 
Safety affects Silence was supported. The label (−0.27) indicates an inverse 
relationship (less Psychological Safety leads to more Silence) and 0.27 indicates the 
strength of the relationship.  



The findings are supported by model m_3. Hypotheses H1, H3, H5, and H6 are 
accepted while Hypotheses H2, H4, H7, and H8 are rejected. That is, psychological 
safety is inversely related to both silence (H1) and voice (H2), but it is significantly 
and more strongly associated with changes in silence; change in voice is directly 
and significantly related to perceived impact (H3) unlike silence (H4). Additionally, 
silence is directly and significantly related to withdrawal (H5) showing a stronger 
association than voice (H7), which is negatively related but not significant. Similarly, 
change in work performance is directly and significantly affected by voice (H6) 
whereas silence (H8) is negatively related but not significant. 

 

 

Fig. 4 Full SEM for m_3. 

5.5. Exploratory Findings  

Inspecting the detailed SEM results (Table 6 6) reveals interesting patterns. Direct 
relationships include: 

 Psychological safety in software development teams is not associated with 
voice. 

 Software developers’ perceived impact is associated with an increase in 
voice. 

 Psychological safety in software development teams is associated with a 
reduction in silence. 

 Software developers’ perceived impact is not associated with silence. 



 Software developers’ voice is associated with an increase in work 
performance. 

 Software developers’ silence is not associated with work performance. 

 Software developers’ voice is not associated with withdrawal. 

 Software developers’ silence is associated with an increase in withdrawal. 

Possible indirect relationships of perceived impact and psychological safety on 
withdrawal and performance were also examined. However, none of the indirect 
relationships appeared significant. 

In addition, we omitted education, job role, working model and country because 
SEM does not respond well to nominal categorical variables. Therefore, more 
research is needed to understand the nature of these effects. 

5.6. Summary Interpretation 

This study shows that psychological safety and perceived impact reflect relevant 
environmental cues. Psychological safety triggers the BIS, prompting individuals to 
avoid self-relevant harm through silence, whereas perceived impact can activate 
the BAS, encouraging the pursuit of self-relevant rewards and opportunities through 
voice. Furthermore, frequent silence contributes more to withdrawal-related 
experiences than voice mitigates them. Conversely, frequent voice has a more 
positive association with performance than silence has a negative one. 

6. Discussion 

This study contributes to the scarce research on voice and silence in the SE context 
by examining their distinction through the lens of BAS and BIS as proposed by Sherf 
et al. [10]. Our findings challenge common understandings of the underlying 
psychological mechanisms driving voice and silence behaviors. In doing so, we 
bring a new perspective on these behaviors, which have not been previously 
explored in the SE context.  

Our findings show that silence is strongly and significantly negatively associated 
with psychological safety while voice is positive but not significantly related. This 
contrasts with Sherf et al.'s finding that psychological safety negatively affects voice 
when perceived impact is controlled. Our measurement model also demonstrated 
adequate fit to the data [χ2 (70) = 144.412, CFI = 1.000, TLI = 1.037, SRMR =0.065, 
and RMSEA < 0.001]. Despite this difference, both Sherf et al.'s findings and ours 
consistently indicated that a lack of psychological safety activates BIS, leading to 
increased silence among professionals, suggesting that psychological safety plays 



a role in shaping silence behaviour. We also included a freely estimated covariance 
between voice and silence that had a negligible effect on the main substantive 
conclusions, suggesting that modeling them as independent is not inconsistent 
with the observed data. Consistent with Sherf et al.'s [10] study conducted with U.S. 
employees, our findings show that both voice and silence are associated with 
withdrawal but in opposite directions, with silence having a significant association. 
Moreover, our findings provide empirical evidence that supports Sherf et al.'s [10] 
theoretical extensions on the relationships among voice, silence and performance. 
As expected, voice, an approach-oriented behavior, is positively and significantly 
associated with performance, showing a stronger association than silence, an 
avoidance-oriented behavior that is negatively related to performance.  

Possible indirect relationships appeared nonsignificant in our data. Previous 
research also remains inconclusive on the relationship between psychological 
safety and performance. While some argue for a direct effect [38,62], others suggest 
an indirect effect mediated by factors such as team learning, team efficacy [63], 
team capabilities, and customer involvement [64]. This suggests that performance 
is influenced by complex factors, emphasizing the need for larger studies that 
analyze their effects in more detail. 

6.1. Practical Implications 

Despite the importance of speaking up, software professionals are often reluctant 
to voice their concerns and choose to remain silent [21,65,66]. Our findings offer 
insight into this behavior: silence is primarily driven by a lack of psychological safety, 
whereas voice is more strongly driven by a sense of perceived impact. Researchers 
and practitioners should consider that professionals who frequently speak up can 
be withholding other issues. Likewise, a lack of voice should not be interpreted as 
intentional withholding of concerns. Therefore, directly examining silence motives 
would offer insights into situations where software professionals have meaningful 
contributions to make but choose to remain silent. 

From this perspective, software professionals perceive a lack of psychological 
safety as a signal related to BIS and tend to avoid situations that may result in 
punishment or negative experiences. For example, this may include developers 
avoiding blame for errors during agile retrospectives [66], disagreeing with 
suggestions such as reducing the deadline for a project, fearing the consequences 
of sharing negative feedback or avoiding seeking help [67]. In this context, no blame 
and collective decision-making practices remove interpersonal risks to enhance 
psychological safety, which in turn reduces team members’ silence [34]. In agile 
teams, openness in communication is another element of psychological safety that 
should be actively cultivated [66], particularly as team members may feel 



vulnerable when receiving feedback during stand-ups, retrospectives, or issue 
tracker discussions [34]. A proactive leadership approach is also required [68], 
Moreover, frequent silence generates experiences of withdrawal more than voice 
reduces them. Consequently, initiatives for improved professionals’ well-being at 
work may need to focus on addressing silence, rather than voice. 

When software professionals perceive they can influence outcomes at work, it 
triggers BAS. However, fostering frequent voice behaviors requires generating BAS 
experiences by providing opportunities for success, rewards, or meaningful impact. 
It suggests that motivation in terms of recognition and appreciation is an important 
factor, particularly in open-source development [69], where many of the developers 
are volunteers. Furthermore, marginalized software professionals like women [70] 
face greater challenges in having their voices heard. Although mentorship and 
sponsorship programs can improve their experience, they are more willing to voice 
concerns or ideas when managerial practices are fair [71]. Indeed, both developers 
and managers have agreed that a “great engineering manager” promotes fairness in 
their interactions with individual engineers [72]. A key aspect of this fairness is 
consistently demonstrating appreciation for engineers’ contributions. 

Software professionals, especially managers and leaders, should understand the 
factors that drive voice and silence, as communication may be best determined by 
explicitly considering both. However, further research is needed to understand how 
different development environments shape voice and silence behaviors. 

6.2. Research Implications  

This study highlights the importance of research design, particularly the level of 
analysis. Voice and silence may appear as opposites in studies that frame them as 
a binary choice on a single issue or when moderating factors influence their 
relationship [7]. In contrast, our study distinguishes between promotive and 
prohibitive voice and general, non-motive-based silence. Although it is expected 
that different operationalizations and methodological factors result in a pattern of 
correlations in line with our overall findings, the magnitude or strength of the 
distinctions between voice and silence may vary.  

It is important to consider how to increase precision beyond using previously 
validated scales. For instance, measures for our study should avoid items that 
assume voice and silence are opposites. Moreover, scale formats should align with 
the inherent characteristics of the focal constructs being measured. In this sense, 
frequency scales (e.g., never–frequently) may be appropriate for some constructs, 
like behaviors, while they may be less appropriate for other constructs like attitudes 
[73]. Voice and silence have been measured using both frequency and agreement 
scales (e.g., strongly disagree–strongly agree). Consequently, we use frequency 



scales to measure voice and silence since they produce more consistent effects 
compared to agreement anchors, according to Sherf et al. [10].  

Finally, measuring and reporting findings for both voice and silence in SE studies, 
regardless of the primary research focus, can provide deeper insights into their 
converging and diverging effects. This approach can foster a more comprehensive 
understanding and support the balanced advancement of research in this area.  

6.3. Future Work 

Our study shows that BIS/BAS provides a useful lens for understanding the potential 
relationship among social-relational concepts. Consequently, further research 
should examine how other human factors related to software development, such as 
power dynamics, organizational justice, and team maturity may activate these 
systems and whether they lead to systematic differences in voice and silence. In 
this vein, a previous study conducted by Morrison et al. [74] argues that elevated 
power activates processes associated with BAS whereas a lack of power activates 
processes associated with BIS. Their findings suggest that, although silence is 
rooted in the psychological experience of powerlessness, perceived openness of 
the target can mitigate this effect, encouraging individuals to speak up even when 
they might otherwise remain silent. However, this study was not conducted within a 
software engineering context. 

In our study, we propose an approach to induce regularization and prevent 
overfitting by including validity and internal consistency requirements as 
constraints in the process of optimizing a model (see section 5.4). This approach is 
motivated by the fact that nontrivial construct validity issues require an iterative 
process to achieve model optimization. However, further research is needed to 
provide empirical evidence of the goodness of fit indices across different sample 
sizes. 

Finally, future research should continue to explore how different contexts shape 
voice and silence. For example, it would be interesting to explore their role in risk 
assessment within the cybersecurity workforce [75]  or in the development of cyber–
physical systems that interact with and control the physical world [76]. Additionally, 
exploring communication strategies through the lens of Hirschman’s Exit-Voice-
Loyalty framework [77]  could yield new insights. Comparing the SE context with 
other professional domains may also reveal factors that amplify or mitigate the 
effects of voice and silence. In particular, future work based on qualitative 
approaches could shed light on the distinctions between voice and silence and their 
relevance within the SE practices and activities. 



6.4. Limitations and Threats to Validity 

This study should be interpreted with awareness of its limitations. The threats to 
validity are organized according to the four types proposed by Wohlin et al. [78]. 

Internal validity. As the concepts under study involve complex interactions of socio-
technical factors, we use multivariate techniques such as EFA, CFA, and SEM to 
validate our findings. However, a potential limitation of our study lies in its ability to 
infer causality. While SEM can demonstrate correlations among variables, 
establishing causality also requires evidence of precedence and the exclusion of 
alternative (third-variable) explanations. Two aspects of our study mitigate this 
limitation. First, our hypotheses incorporate causal assumptions [10] as part of the 
model, which provides a basis for causal assertions [79]. Second, other variable 
explanations cannot be discounted, e.g., individual differences like personality 
traits or cultural context. Extroverted professionals may voice frequently and display 
little silence, resulting in stronger negative correlations between voice and silence. 
They are also more likely to perceive more impact and worry less about speaking up. 
To strengthen internal validity, future research should consider utilizing randomized 
experimental or at least observational longitudinal designs that better satisfy the 
empirical criteria for causal inference, such as establishing temporal precedence, 
controlling confounders, and ruling out alternative explanations. Given the 
limitations of our cross-sectional design, we interpret the estimated path 
coefficients as associations framed within a theoretical causal model, rather than 
as evidence of definitive causal effects. 

Conclusion validity. We conducted preliminary tests to determine the suitability of 
performing EFA which helped us identify latent variables. These factors were then 
confirmed through CFA, and model validity was assessed by using multiple fit 
indices to ensure alignment with the data before interpreting results. These indices 
confirmed the overall soundness of the model. SEM enhances conclusion validity 
by testing the model as a whole, rather than evaluating individual hypotheses. 
Although SEM also corrects measurement error by inferring latent variables from 
observable variables, the main remaining threat to conclusion validity is overfitting 
the structural model. To address this from a statistical standpoint, we conducted a 
bootstrap-based validation using 1000 random 2/3 vs. 1/3 splits to obtain CIs. In 
each iteration, the SEM from m_3 was refitted independently, and the key fit metrics 
were extracted. Overall, the model's full-sample fit is fully consistent with the 
distribution of resampled fits. This supports the stability and generalizability of the 
structure of our SEM in m_3 and confirms that the structure learned from 
constrained optimization from Equation (2) did not lead to severe overfitting, as 
expected due to the introduced constraints. 



External Validity. This study prioritized internal validity due to voice and silence are 
universal aspects of human communication and experience, and their relationships 
are observable in any sample to some extent. We used convenience and snowball 
sampling supported by local collaborators to enhance diversity, but introduced 
potential selection bias, and the sample is not representative of all software 
professionals. Additionally, restricting the survey to native Spanish-speaking 
countries limits broader generalization. Consequently, future studies should pursue 
more balanced, regionally representative samples to strengthen external validity. 
We made a replication package publicly available in order to enable other 
researchers to replicate, reproduce and extend our study. 

Construct validity. As all six variables are internal experiences that are best reported 
by individuals themselves [10], self-reported measures were used to capture each 
construct. To mitigate bias, the survey was voluntary and anonymous, with a one-
month recall period to improve response accuracy. To enhance construct validity, 
we also used validated scales. However, this study posed methodological issues. 
As noted by Sherf et al. [10], there are different types of silence and different types 
of voices that can, consequently, lead to different results. In this study, we focus on  

After a validity analysis of a sample of 198 software practitioners, we found that the 
context in which the instrument is administered can impact its validity. Even if the 
instrument itself is valid, response biases can introduce errors in the measurement. 
Therefore, a second pilot study was conducted after redefining the sampling 
strategy. This study involved 158 software practitioners, and the construct validity 
improved. However, the design faces mono-method bias, common method bias 
and potential model misspecification due to reliance on a single survey instrument, 
subjective one-time responses, shared measurement context, and assumptions 
embedded in the specified factor structure, particularly those related to linearity 
and independence (among certain constructs) as optimized through Equation (2). 
While we recognize these limitations and urge cautious interpretation of our 
findings, they do not undermine the core modeling contribution of this study. Further 
investigation of these limitations is encouraged in future studies. 

7. Conclusion  

Our study's results indicate that voice and silence are distinct constructs, even 
though they may seem to describe the same behavior in different ways, i.e, voice as 
the expression of ideas and concerns, and silence as their suppression. Although 
our sample was small for testing our hypotheses, the fact that we still found support 
for our proposed relationships suggests that our study provides a conservative 



demonstration of underlying relationships that may be even more robust in other 
contexts.  

This study calls for more research attention to voice and silence as an important 
communication behavior in software development. Therefore, we hope this study 
inspires more research on why, when, and how voice and silence affect software 
professionals across teams, projects and organization levels. Understanding these 
differences, organizations could employ different interventions for voice and 
silence to lower software professional withdrawal and increase performance. 
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