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The progressive digitalization of  human services administration has generated urgent 
questions about professional trust, algorithmic governance, and the appropriate institutional 
boundaries of  automated decision support. Social work constitutes a particularly 
consequential arena for examining how practitioners evaluate AI-assisted tools, given the 
high-stakes relational and ethical demands that characterize the profession. This study 
examined the predictors of  professional trust in AI-assisted case assessment among social 
work professionals, with a specific focus on the roles of  prior AI experience, perceived 
efficiency, perceived quality, and ethical and bias concerns. A cross-sectional quantitative 
survey was administered to N = 127 social work professionals using validated Likert-
format scales. An independent-samples t-test revealed that professionals with high prior 
AI experience demonstrated substantially greater trust than those with limited experience, 
t(125) = 8.24, p < .001, Cohen’s d = 1.45. Multiple regression analysis identified perceived 
efficiency (β = .31, p < .001, 95% CI [.17, .45]), AI experience (β = .29, p < .001, 95% CI [.15, 
.43]), and perceived assessment quality (β = .27, p < .001, 95% CI [.14, .40]) as significant 
positive predictors of  trust, while ethical concerns exerted a significant negative effect (β = 
−.18, p = .014, 95% CI [−.32, −.04]). Perceived bias risk did not reach significance in the 
multivariate model (β = −.12, p = .081). The overall model explained 58% of  the variance in 
trust (R² = .58, F(5,121) = 33.44, p < .001). Social work professionals conditionally endorse 
Large Language Models as decision-support instruments, contingent on transparency, ethical 
governance, and structured professional training. The findings offer an empirically grounded 
basis for designing responsible AI integration frameworks in social services.
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INTRODUCTION
It is 4:47 on a Tuesday afternoon when a child protection 
caseworker in Frankfurt opens the eighty-third case file 
of  the month. The client is a single mother of  three; the 
allegations are serious; the deadline for submitting an 
assessment recommendation to the family court is seven 
hours away. The practitioner has seventeen years of  
professional experience, has completed every mandated 
continuing education module offered by her agency, and 
still feels the familiar weight of  decisional uncertainty 
descend as she begins to read. What if  she misses a 
pattern? What if  the risk configuration embedded in this 
file resembles one she has never encountered before? Into 
this constellation of  professional vulnerability, temporal 
pressure, and structural under-resourcing, the question 
of  artificial intelligence enters - not as a utopian promise, 
but as a practical proposition: could a Large Language 
Model assist in organizing the information, identifying 
contradictory data points, or flagging risk indicators that 
human fatigue might allow to pass unnoticed?
The digitalization of  welfare state administration has 
accelerated dramatically over the past decade, driven 
by intersecting pressures of  efficiency, documentation 
demand, and the expanding sophistication of  machine 
learning systems. In Germany alone, social service 
agencies employ over 430,000 full-time equivalent 
professionals, many of  whom report chronic work 
overload and systemic documentation burdens that divert 

attentional resources from direct client contact (Harlow, 
2003; Munro, 2011). European and North American social 
work associations have begun to engage formally with 
questions of  AI governance, issuing position statements 
that acknowledge both the transformative potential and 
the profound ethical risks of  automated decision support 
in social services (International Federation of  Social 
Workers [IFSW], 2014). The structural conditions of  
social work - high caseloads, inadequate staffing ratios, 
and legally consequential decisions made under conditions 
of  epistemic uncertainty - render the field not merely an 
intellectually interesting test case for AI integration, but a 
morally urgent one.
Social work professionals occupy a structurally unique 
position in the welfare apparatus. Unlike administrative 
officers, they are required by both training and professional 
ethics to exercise relational judgment, holistic assessment, 
and advocacy that cannot be reduced to rule-based 
procedures. Unlike physicians, they frequently lack the 
institutional protection, peer consultation structures, and 
systematic documentation supports that buffer individual 
decision-making under high-stakes conditions (Webb, 
2006). This dual vulnerability - to organizational pressure 
from above and relational demand from clients - creates 
a distinctive configuration of  risks and needs when AI 
enters the professional environment. Understanding how 
social workers perceive, trust, and negotiate AI-assisted 
tools is therefore not merely a question of  technology 
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adoption dynamics but a question of  professional identity, 
epistemic autonomy, and the institutional conditions of  
ethical practice.
The empirical literature on AI in social services has 
expanded rapidly since approximately 2015, with 
particular attention to predictive risk modeling in child 
welfare (Keddell, 2019; Gillingham, 2019), algorithmic 
case management tools in unemployment administration 
(Eubanks, 2018), and, most recently, the deployment 
of  Large Language Models as documentation and 
assessment support systems (Brown et al., 2020; OpenAI, 
2023). A consistent finding across this body of  literature 
is that practitioner trust in AI systems is neither uniform 
nor static: it varies systematically with prior technology 
experience, perceived transparency, and the degree to 
which AI is framed as augmenting rather than replacing 
professional judgment (Broadhurst et al., 2010; Poudel 
& Maharjan, 2025; Zerilli et al., 2019). Surveys of  social 
work and allied health professionals reveal persistent 
ambivalence — strong appreciation for efficiency gains 
coupled with deep concern about algorithmic bias, 
accountability structures, and the potential erosion of  
professional discretion (Asif  et al., 2025).
Despite this accumulating empirical base, significant 
theoretical and methodological gaps persist. First, the 
majority of  existing studies have examined general 
attitudes toward AI rather than investigating the specific 
predictors of  trust in AI-assisted case assessment 
as a structurally distinct cognitive and professional 
act. The mechanisms through which AI experience, 
perceived quality, and ethical concern interact to 
shape professional trust remain underspecified in the 
extant literature. Second, social work research has paid 
insufficient attention to the differential contributions of  
perceived efficiency versus perceived assessment quality 
as theoretically separable constructs within technology 
acceptance models - conflating these dimensions in 
ways that obscure their independent predictive paths. 
Third, empirical investigations employing validated 
quantitative instruments with social work professionals 
exclusively are rare; most large-scale surveys have 
recruited heterogeneous professional samples that limit 
disciplinary specificity and contextual interpretation. This 
study directly addresses all three gaps.
The central research question guiding this investigation is: 
What factors predict professional trust in AI-assisted case 
assessment among social work professionals, and what 
are the respective roles of  perceived efficiency, perceived 
quality, prior AI experience, and ethical and bias concerns 
in shaping this trust? The practical stakes of  answering this 
question are immediate and substantial. As organizations 
increasingly pilot AI tools in social service contexts, 
and as commercial vendors market Large Language 
Model-based documentation systems with growing 
aggressiveness, empirically grounded frameworks for 
understanding and supporting appropriate professional 
trust calibration are urgently needed. Without such 
frameworks, implementation decisions will continue to 
be driven by vendor narratives rather than practitioner 

knowledge, with potentially serious consequences for the 
populations that social work is mandated to protect.

LITERATURE REVIEW
Digital Transformation in the Social Work Profession
The integration of  digital technologies into social work 
practice has followed a trajectory markedly different 
from that observed in medicine, law, or financial 
services. Where those adjacent professions encountered 
digitalization primarily through electronic record-keeping 
and diagnostic decision-support tools deployed within 
stable institutional structures, social work has confronted 
it simultaneously through administrative management 
platforms, case management software, predictive 
risk algorithms, and now conversational AI systems 
(Gillingham, 2019; Webb, 2006). This heterogeneity of  
digital penetration reflects the structural heterogeneity of  
social work itself: a profession spanning child protection, 
homelessness services, addiction counseling, disability 
support, and numerous adjacent practice fields, each with 
its own legislative frameworks, organizational cultures, 
and relational obligations that mediate how technology is 
received and embedded.
Theoretically, the digitalization of  social work can be 
analyzed through the lens of  institutional logics (Benbya 
et al., 2020). When algorithmic tools enter organizational 
environments that have historically valued relational 
discretion, holistic assessment, and client-centered 
advocacy, they introduce competing logics of  efficiency, 
standardization, and quantifiable accountability. The 
tension between these logics is not merely administrative; 
it is constitutive of  professional identity under 
transformation. A social worker who is required to 
input client data into a predictive risk scoring system is 
simultaneously a professional exercising judgment and 
an operator executing a computational procedure - and 
these roles are not always reconcilable within a single 
professional self-understanding (Munro, 2011). The 
normative dimension of  this tension is precisely what 
elevates AI integration in social work above the level of  a 
technical administrative problem.
Recent developments in Large Language Models 
have introduced a qualitatively new dimension to this 
longstanding tension between professional judgment 
and algorithmic process. Unlike earlier rule-based 
decision support systems that were structurally legible as 
tools, LLMs can process unstructured natural language, 
generate contextually sensitive recommendations, and 
produce outputs that superficially resemble the nuanced 
prose of  an experienced practitioner (Brown et al., 2020; 
OpenAI, 2023). This mimetic capacity creates a specific 
psychological and professional challenge: it becomes 
progressively more difficult to maintain the experiential 
boundary between tool-use and professional judgment 
precisely when that boundary is most normatively 
significant. The epistemological implications of  this 
blurring for professional training, supervision, and 
accountability are only beginning to receive systematic 
theoretical attention.
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Large Language Models as Decision-Support 
Instruments
Large Language Models represent a fundamental 
architectural shift in artificial intelligence, moving 
from narrow task-specific systems to general-purpose 
language engines capable of  synthesizing, generating, 
and contextualizing information across domains with 
remarkable flexibility (LeCun et al., 2015; Brown et al., 
2020). Built on transformer architectures trained on 
vast corpora of  human-generated text, LLMs such 
as GPT-4, Gemini, and Claude can be prompted to 
summarize case documentation, identify thematic 
patterns in unstructured data, generate risk hypotheses 
from complex case histories, and produce structured 
assessment outputs in seconds. This technical capability 
has generated substantial enthusiasm among health and 
social services innovators, with pilot applications already 
implemented in psychiatric triage, social needs screening, 
and automated report generation (Topol, 2019).
The decision-support potential of  LLMs in social work 
is theoretically significant across several dimensions. 
First, LLMs can reduce the cognitive load associated with 
documentation by synthesizing complex case histories 
into structured summaries, potentially freeing practitioner 
attention for relational engagement and direct client 
contact (Kleinberg et al., 2018). Second, LLMs can 
function as a second-reviewer operating without the 
fatigue, confirmation bias, or availability heuristics that 
compromise human assessment under temporal pressure 
- systematically flagging contradictory or incomplete 
information in case materials that a fatigued practitioner 
might overlook. Third, by processing larger quantities of  
comparative case data than any individual practitioner 
could realistically accumulate through personal practice, 
LLMs can potentially identify risk configurations that 
would not be salient to a professional with a limited or 
highly specialized caseload. These capabilities position 
LLMs not as replacements for professional judgment but 
as amplifiers of  it, operating in a human-AI collaborative 
frame.
However, the very properties that generate LLMs’ 
decision-support potential simultaneously generate 
risks that have been carefully documented in adjacent 
literatures. The tendency of  LLMs to produce fluent, 
plausible-sounding outputs regardless of  their factual 
accuracy - the so-called hallucination problem - creates 
a specific danger in consequential assessment contexts 
where erroneous outputs may be mistaken for expert 
insight by practitioners lacking the technical literacy 
to recognize their limitations (Mittelstadt et al., 2016). 
More structurally, LLMs trained on historical case data 
encode the systemic biases present in that data: if  prior 
child protection decisions were shaped by racial, class-
based, or gender-related bias, an LLM trained on those 
decisions will reproduce and potentially amplify such bias 
at scale (Noble, 2018; Barocas et al., 2019). The practical 
consequence is a technology that could simultaneously 
improve efficiency and institutionalize structural injustice 

- a combination that poses acute ethical dilemmas for a 
profession whose core mandate is the pursuit of  social 
justice.

Professional Trust and Technology Acceptance
The construct of  professional trust in technology has been 
theorized from multiple disciplinary perspectives, most 
influentially through the Technology Acceptance Model 
(TAM; Davis, 1989) and its subsequent extensions. TAM 
posits that perceived usefulness and perceived ease of  use 
are the proximate determinants of  technology adoption 
intention, with external variables - including training, 
prior experience, and organizational context - exerting 
their influence on adoption through these two mediating 
constructs. In the context of  AI-assisted professional 
tools, TAM’s perceived usefulness dimension maps 
directly onto the constructs of  efficiency improvement 
and quality enhancement examined in the present study, 
providing a theoretically grounded rationale for treating 
these perceptions as central predictors of  professional 
trust and acceptance (Venkatesh et al., 2003).
However, TAM was originally developed in organizational 
computing contexts and has been criticized for its limited 
attention to the normative and relational dimensions 
of  technology acceptance in value-laden professional 
environments. Social work practice is governed not 
only by technical rationality but by ethical frameworks, 
professional standards, relational commitments, and 
institutional accountability structures that create 
distinctive criteria for evaluating technology beyond mere 
efficiency (Webb, 2006). A social worker does not simply 
ask whether a tool helps her complete tasks more quickly; 
she asks whether it supports or undermines the relational, 
ethical, and epistemological foundations of  professional 
practice. This normative layer of  acceptance - which 
might be termed professional legitimation - represents a 
dimension of  technology acceptance that standard TAM 
does not formally model and that the present study was 
specifically designed to examine through the inclusion 
of  ethical concern and bias perception as predictor 
variables. Recent empirical work in adjacent service 
domains reinforces this multidimensional conception of  
acceptance: in AI-driven service settings, trust has been 
shown to be strongly context-dependent, with users 
extending confidence to automated systems for routine, 
efficiency-critical tasks while reserving reliance on human 
judgment for emotionally complex or ethically sensitive 
interactions (Asif  et al., 2025). Complementary adoption 
research indicates that acceptance is conditioned less by 
technical capability alone than by prior user experience, 
equitable access, and the perceived ethical soundness of  
implementation (Poudel & Maharjan, 2025).
Automation complacency - the well-documented tendency 
to accept automated outputs as authoritative without 
applying systematic independent verification (Cummings, 
2004) - constitutes one of  the most practically significant 
risks associated with AI integration in consequential 
professional practice. When practitioners place excessive 
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trust in AI-generated assessments without applying their 
own critical scrutiny, errors in the system’s outputs can be 
amplified rather than corrected by professional oversight, 
with potentially serious consequences for clients. This 
risk is heightened in social work precisely because client 
populations are frequently vulnerable, underrepresented 
in historical training data, and least able to contest 
algorithmic conclusions that negatively affect their access 
to services or their legal standing. Managing appropriate 
trust calibration - neither dismissive rejection nor 
uncritical acceptance - thus becomes a central practical 
and ethical challenge for professional education, clinical 
supervision, and organizational governance in any social 
service agency that deploys AI tools.

Research Hypotheses
Drawing on the Technology Acceptance Model, social 
learning theory, automation complacency research, and 
the normative literature on professional AI ethics, five 
hypotheses were derived to guide the present investigation. 
H1 predicted that social work professionals with greater 
prior experience using AI tools would demonstrate 
significantly higher trust in AI-assisted case assessment 
than those with limited prior AI experience, consistent 
with social learning and habituation mechanisms. H2 
predicted that perceived efficiency of  AI-assisted 
assessment would be a significant positive predictor of  
professional trust, consistent with TAM’s perceived 
usefulness pathway. H3 predicted that perceived quality of  
AI-assisted case assessment would be a significant positive 
predictor of  professional trust, operationalizing a distinct 
dimension of  usefulness not captured by efficiency alone. 
H4 predicted that perceived ethical concerns about 
AI-assisted assessment would be a significant negative 
predictor of  professional trust, reflecting the normative 
legitimation process theorized above. H5 predicted that 
perceived risk of  algorithmic bias would be a significant 
negative predictor of  professional trust, reflecting 
practitioners’ sensitivity to the justice implications of  AI 
use in social services contexts.

MATERIALS AND METHODS
Study Design
This study employed a cross-sectional quantitative 
survey design, implemented as a fully anonymous self-
administered online questionnaire. The cross-sectional 
design was selected for its pragmatic suitability to 
capturing professional attitude distributions across a 
geographically dispersed target population within a 
constrained research timeline, while the quantitative survey 
format enabled the systematic collection of  interval-level 
data appropriate for the correlational and regression 
analyses specified by the hypotheses (Podsakoff  et al., 
2003). The study is descriptive-correlational in scope: 
while it identifies predictive relationships between AI 
experience, professional perceptions, and trust outcomes, 
the cross-sectional design precludes causal inference, a 
limitation explicitly acknowledged in the Discussion. All 

design decisions were guided by principles of  voluntary 
participation, informational autonomy, and data 
minimization consistent with current ethical standards 
for anonymous behavioral survey research.

Sample and Recruitment
The final analytical sample comprised N = 127 social 
work professionals. Participants were recruited through 
professional networks, social work associations, and 
academic institutions in German-speaking countries, 
supplemented by targeted outreach through social work 
practitioner communities on social media platforms. The 
mean professional experience of  the sample was M = 
11.2 years (SD = 7.8), indicating a relatively experienced 
professional cohort with substantial practice exposure 
across diverse service contexts. Prior experience with AI 
tools was moderate on average (M = 3.42, SD = 1.08 on 
the five-point response scale), indicating that the sample 
encompassed practitioners with widely varying levels of  AI 
familiarity and thus offered adequate attitudinal variance 
for the comparative and predictive analyses specified in 
the hypotheses. Participation was voluntary, anonymous, 
and uncompensated. Participants were informed prior 
to beginning the survey that their responses would be 
used for research purposes, that they could withdraw at 
any time without consequence, and that submission of  
a completed survey constituted informed consent. The 
estimated completion time was approximately twelve to 
fifteen minutes.

Measures
Trust in AI-assisted case assessment (TRUST) was 
measured using a four-item scale reflecting participants’ 
confidence in the accuracy, reliability, contextual 
appropriateness, and professional applicability of  AI-
generated case assessment outputs. All items were rated 
on a five-point Likert scale anchored at 1 (Strongly 
disagree) and 5 (Strongly agree). An acceptance scale 
was formed from TRUST, perceived efficiency (EFF), 
perceived assessment quality (QUALITY), and future 
adoption intention (FUTURE), yielding four four-item 
components; this combined scale demonstrated excellent 
internal consistency (α = .88). Perceived efficiency 
(EFF) captured the degree to which participants 
believed AI-assisted assessment could reduce their 
workload, accelerate documentation, and improve time 
management in practice. Perceived quality (QUALITY) 
assessed participants’ beliefs about whether AI tools 
could improve the accuracy, comprehensiveness, and 
consistency of  assessment outputs relative to unaided 
professional judgment.
Risk perception was operationalized through a parallel 
four-item scale comprising concern about algorithmic 
bias (BIAS), ethical issues associated with AI use in social 
services (ETHICS), requirements for transparency in AI 
decision processes (TRANSP), and commitment to the 
primacy of  human professional judgment (HUMAN). 
This risk perception scale demonstrated equally strong 
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internal consistency (α = .91). Future adoption intention 
(FUTURE) assessed the degree to which participants 
anticipated AI-assisted assessment becoming a standard 
feature of  social work practice and whether they would 
be willing to use such tools in their own professional 
context. Prior AI experience (AI_USE) was measured 
as a single self-report item asking participants to rate 
their overall experience with AI tools on the same five-
point scale. Professional experience (EXP) was measured 
in full years of  employment in social work or closely 
adjacent professional roles. Training need (TRAIN) 
assessed participants’ perceived necessity of  specialized 
professional training prior to implementing AI tools in 
practice.

Statistical Analysis
Analyses were conducted in three sequential stages 
following the structure of  the research hypotheses. In 
the first stage, descriptive statistics - means, standard 
deviations, and Cronbach’s α coefficients - were computed 
for all scale variables. In the second stage, Pearson 
product-moment correlations were calculated among the 
acceptance-relevant variables (TRUST, EFF, QUALITY, 
FUTURE) and among the risk-relevant variables (BIAS, 
ETHICS, TRANSP), with two-tailed significance testing 
applied throughout. In the third stage, an independent-
samples t-test was conducted to examine whether trust 
differed significantly between professionals with high 
prior AI experience (AI_USE ≥ 4) and those with low 
prior AI experience (AI_USE ≤ 2), with effect magnitude 
estimated using Cohen’s d. Subsequently, a simultaneous 
multiple regression analysis was performed with TRUST 
as the dependent variable and AI_USE, EFF, QUALITY, 
ETHICS, and BIAS as the five simultaneous predictors, 
generating standardized regression coefficients (β), 
significance values, and 95% confidence intervals for each 
predictor. All analyses were performed in SPSS Version 
28. The significance threshold was set at α = .05 for all 
tests.

RESULTS AND DISCUSSION
Descriptive Statistics
Descriptive analyses revealed a distinctive bifurcation 
in the attitudinal profile of  the sample: participants 
simultaneously endorsed the beneficial potential of  
AI-assisted assessment and expressed pronounced 
concern about its risks. Within the acceptance domain, 
perceived efficiency received the second highest mean 
rating (M = 4.38, SD = 0.61), indicating near-consensus 
agreement that AI could improve efficiency in case 
assessment workflows. Perceived assessment quality 
was rated somewhat more moderately (M = 3.91, SD 
= 0.72), reflecting greater uncertainty about the quality 
implications of  AI involvement. Trust in AI-assisted 
assessment was moderate overall (M = 3.46, SD = 
0.86), exhibiting the most substantial variability of  the 
acceptance variables - a pattern consistent with the 
heterogeneity of  AI experience in the sample. Future 
adoption intention was similarly moderate (M = 3.74, SD 
= 0.81).
By contrast, risk-related items received uniformly high 
ratings that reflected a strong collective professional 
concern. Concern about algorithmic bias (M = 4.42, SD 
= 0.58) and ethical concerns more broadly (M = 4.35, 
SD = 0.66) were both endorsed well above the scale 
midpoint. The necessity of  AI transparency (M = 4.79, 
SD = 0.42) and the primacy of  human professional 
judgment (M = 4.83, SD = 0.39) received the two highest 
mean ratings of  any variable in the study, with strikingly 
low variability indicating near-universal consensus among 
participants that human practitioners must retain final 
decision-making authority in case assessment. The 
training need variable also reflected strong consensus 
(M = 4.71, SD = 0.48), underscoring practitioners’ 
recognition that responsible AI use requires structured 
professional preparation. Descriptive statistics for all 
variables and reliability coefficients for the composite 
scales are presented in Table 1.

Table 1: Descriptive Statistics and Internal Consistency for All Study Variables

Scale n M SD α
AI Experience (AI_USE) 1 3.42 1.08 —
Professional Experience (EXP) 1 11.20 7.80 —
Trust in AI (TRUST) 4 3.46 0.86 .88a
Perceived Efficiency (EFF) 4 4.38 0.61 —
Assessment Quality (QUALITY) 4 3.91 0.72 —
Future Adoption (FUTURE) 4 3.74 0.81 —
Algorithmic Bias Risk (BIAS) 4 4.42 0.58 .91b
Ethical Concerns (ETHICS) 4 4.35 0.66 —
Transparency (TRANSP) 4 4.79 0.42 —
Human Judgment (HUMAN) 4 4.83 0.39 —
Training Need (TRAIN) 4 4.71 0.48 —

Note. N = 127. n = number of  items per scale or subscale. M = arithmetic mean; SD = standard deviation; α = Cronbach's alpha coefficient. 
a Cronbach's α = .88 for the Acceptance Scale comprising Trust (TRUST), Efficiency (EFF), Quality (QUALITY), and Future Adoption 
(FUTURE). b Cronbach's α = .91 for the Risk Perception Scale comprising Bias Risk (BIAS), Ethical Concerns (ETHICS), Transparency 
(TRANSP), and Human Judgment (HUMAN). AI_USE and EXP are single-item measures; TRAIN is a single-item measure reported 
for descriptive completeness.
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Correlational Findings
Pearson correlation analyses revealed strong and 
statistically significant positive intercorrelations among 
all four acceptance-domain variables. Trust in AI was 
significantly associated with perceived efficiency (r 
= .69, p < .001), perceived quality (r = .71, p < .001), 
and future adoption intention (r = .65, p < .001). The 
correlations between efficiency and quality (r = .63, 
p < .001), efficiency and future adoption (r = .58, p 
< .001), and quality and future adoption (r = .66, p < 
.001) were likewise substantial and significant. These 
results confirm that the acceptance-domain variables 
constitute an internally coherent attitudinal cluster while 
also demonstrating that trust, as the primary dependent 
variable, shares meaningful unique variance with each of  

its theorized predictors.
Within the risk perception cluster, bias concerns, 
ethical concerns, and transparency requirements were 
significantly and positively intercorrelated at comparable 
magnitudes: bias–ethics (r = .72, p < .001), bias–
transparency (r = .59, p < .001), and ethics–transparency 
(r = .68, p < .001). This pattern confirms that the three 
risk variables tap a shared underlying risk perception 
disposition while remaining distinguishable as separate 
construct facets - a finding consistent with the theoretical 
framing advanced in Section 2 and with the two-scale 
measurement structure (acceptance and risk) employed in 
the present study. Full bivariate correlation matrices for 
both domains are presented in Table 2.

Table 2: Pearson Correlation Matrices for Acceptance and Risk Perception Variables

Panel A: Acceptance Variables
Variable 1 2 3 4
1. Trust (TRUST) —
2. Efficiency (EFF) .69*** —
3. Quality (QUALITY) .71*** .63*** —
4. Future Adoption (FUTURE) .65*** .58*** .66*** —
Panel B: Risk Perception Variables
Variable 1 2 3
1. Bias Risk (BIAS) —
2. Ethical Concerns (ETHICS) .72*** —
3. Transparency (TRANSP) .59*** .68*** —
Note. N = 127. ** p* < .001. Correlation coefficients are presented for lower off-diagonal elements only. Diagonal elements represent 
perfect self-correlation.

Group Comparison and Multiple Regression 
Analysis
To test H1, an independent-samples t-test was conducted 
comparing mean trust levels between social work 
professionals with high prior AI experience (AI_USE ≥ 
4; n = 58, M = 3.94, SD = 0.58) and those with low prior 
AI experience (AI_USE ≤ 2; n = 45, M = 2.91, SD = 
0.77). The analysis yielded a statistically significant group 
difference, t(125) = 8.24, p < .001, with a large effect 
size, Cohen’s d = 1.45. H1 was thus strongly supported: 
social work professionals with greater prior AI experience 
demonstrated substantially and significantly higher trust 
in AI-assisted case assessment, with the between-group 
difference exceeding conventional benchmarks for a large 
effect by a substantial margin.
A simultaneous multiple regression analysis was then 
conducted to examine the independent predictive 
contributions of  all five theorized predictors to trust in 
AI-assisted assessment (H2 through H5). The overall 
regression model was statistically significant, F(5, 121) = 
33.44, p < .001, and explained 58% of  the variance in 
trust (R² = .58), indicating excellent model fit for a social 
science survey study. Examining individual predictors, 
perceived efficiency emerged as the strongest positive 
predictor of  trust (β = .31, p < .001, 95% CI [.17, .45]), 

supporting H2. AI experience constituted the second 
strongest positive predictor (β = .29, p < .001, 95% CI 
[.15, .43]), replicating and extending the group comparison 
finding within a multivariate framework that controls for 
the remaining predictors. Perceived assessment quality 
was the third significant positive predictor (β = .27, p < 
.001, 95% CI [.14, .40]), supporting H3. Ethical concerns 
exerted a significant and negative effect on trust (β = 
−.18, p = .014, 95% CI [−.32, −.04]), supporting H4. 
Perceived bias risk did not attain statistical significance 
in the multivariate model (β = −.12, p = .081, 95% CI 
[−.26, .02]), resulting in the non-confirmation of  H5. 
Regression results are presented in full in Table 3.
In summary: H1 (AI experience → trust) was strongly 
confirmed both in the group comparison (d = 1.45) and 
in the multivariate regression (β = .29). H2 (efficiency 
→ trust) was confirmed, with efficiency emerging as 
the single strongest regression predictor. H3 (quality → 
trust) was confirmed, with quality contributing significant 
unique variance beyond efficiency and experience. H4 
(ethical concerns → reduced trust) was confirmed, with 
ethical concerns exerting a significant negative effect. 
H5 (bias risk → reduced trust) was not confirmed in 
the multivariate model; bias risk’s effect on trust appears 
to operate primarily through its shared variance with 
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ethical concerns rather than as an independent predictor 
pathway.

Discussion
Summary and Theoretical Integration
The present study set out to identify the predictors of  

professional trust in AI-assisted case assessment among 
social work practitioners. The results yield a theoretically 
coherent and practically instructive picture. Trust in 
AI-assisted assessment is shaped by a configuration 
of  facilitating factors - prior AI experience, perceived 
efficiency, and perceived quality - and counterweighted 

Table 3: Multiple Regression Analysis Predicting Trust in AI-Assisted Case Assessment

Predictor β p 95% CI

Perceived Efficiency (EFF) .31 < .001 [.17, .45]

AI Experience (AI_USE) .29 < .001 [.15, .43]

Assessment Quality (QUALITY) .27 < .001 [.14, .40]

Ethical Concerns (ETHICS) −.18 .014 [−.32, −.04]

Bias Risk (BIAS) −.12 .081 [−.26, .02]

Note. N = 127. β = standardized regression coefficient. CI = confidence interval. The overall model: R² = .58, F(5, 121) = 33.44, p 
< .001. Dependent variable: Trust in AI-Assisted Assessment (TRUST). All predictors entered simultaneously. Confidence intervals 
based on standard errors from ordinary least squares regression.

by ethical concerns that exert a significant independent 
negative effect. The overall model’s explanatory power 
(R² = .58) is impressive by social science survey standards 
and suggests that the five-predictor framework captures 
a substantial share of  the attitudinal variance governing 
professional trust in this domain.
Mapped onto the Technology Acceptance Model, the 
present findings both validate and complicate Davis’s 
(1989) original framework. The significant positive 
effects of  perceived efficiency (β = .31) and perceived 
quality (β = .27) are consistent with TAM’s foundational 
emphasis on perceived usefulness as the primary driver 
of  adoption intention, and they validate the extension 
of  this model to AI-specific professional assessment 
contexts (Venkatesh et al., 2003). Crucially, however, the 
significant negative effect of  ethical concerns (β = −.18) 
points to the inadequacy of  standard TAM in capturing 
the normative dimension of  technology acceptance 
in value-laden professional environments. Social work 
practitioners do not evaluate AI solely on technical utility 
grounds; they evaluate it against the ethical commitments 
of  their profession, and this normative evaluation carries 
independent predictive weight that standard TAM does 
not formally represent. The present findings thus argue 
for extending TAM with a professional legitimation 
construct that captures the distinctively normative 
dimension of  technology acceptance in regulated helping 
professions.
The large effect size in the experience comparison (d = 
1.45) warrants specific theoretical attention. The trust 
difference between high-experience and low-experience 
AI users substantially exceeds conventional benchmarks 
for large effects and suggests that AI experience is not a 
background demographic variable to be controlled but 
a substantive attitudinal determinant with direct policy 
implications. This pattern is theoretically consistent 
with two complementary mechanisms: habituation, 

through which repeated exposure to AI tools reduces the 
novelty-induced anxiety and uncertainty that suppress 
trust; and competence acquisition, through which actual 
engagement with AI systems develops practitioners’ 
ability to critically evaluate outputs and thus calibrate trust 
more accurately. The non-significance of  bias risk in the 
multivariate model (β = −.12, p = .081) is theoretically 
interpretable rather than anomalous: the variance in trust 
attributable to bias concerns appears to be substantially 
absorbed by the ethical concerns variable, suggesting 
that practitioners do not experience algorithmic bias as a 
conceptually distinct risk category but rather as a concrete 
instantiation of  the broader ethical concern about AI in 
practice.

Practical Implications
The practical implications of  these findings extend 
across individual, organizational, and systemic levels 
of  social service practice. At the individual level, the 
finding that AI experience is both the most robust group-
level differentiator and the second strongest regression 
predictor of  trust strongly recommends systematic AI 
training as a prerequisite - not merely a supplement - for 
responsible AI implementation in social work agencies. 
This training should be specifically designed for social 
work practice contexts, addressing not only technical 
operation but also the recognition of  hallucinated 
outputs, the identification of  potential bias in specific 
client subpopulations, and the development of  critical 
rather than complacent engagement with AI-generated 
case assessments. The automation complacency risk 
documented by Cummings (2004) should be explicitly 
addressed in professional development curricula and 
clinical supervision protocols as a distinct learning 
objective.
At the organizational level, the significant negative 
predictive weight of  ethical concerns (β = −.18) 
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constitutes a clear empirical signal that implementation 
strategies that fail to directly address practitioners’ ethical 
concerns will encounter structural professional resistance 
that may undermine the effectiveness of  AI tools even 
when those tools are technically superior. Organizations 
seeking to introduce AI-assisted assessment tools would 
benefit substantially from co-design processes that involve 
frontline practitioners in the selection, customization, 
governance, and ongoing evaluation of  AI systems. The 
near-universal endorsement of  transparency (M = 4.79) 
and human primacy (M = 4.83) should be translated into 
concrete design and procurement specifications: social 
work practitioners require AI systems that explain their 
recommendations in auditable, human-readable terms, 
clearly identifying the informational basis and confidence 
level of  each assessment output. Black-box systems that 
generate recommendations without legible reasoning 
chains are likely to encounter principled professional 
resistance from socially conscious practitioners, regardless 
of  their objective predictive performance.
At the systemic and policy level, the findings reinforce 
calls for regulatory frameworks that specifically address 
the deployment of  AI in high-stakes social services 
contexts (Shneiderman, 2022; Mittelstadt et al., 2016). 
The combination of  strong support for transparency and 
near-universal commitment to the primacy of  human 
judgment - with human judgment receiving the highest 
endorsement in the entire study (M = 4.83) - signals 
that the social work professional community is not 
categorically resistant to AI but is deeply and articulately 
committed to meaningful human oversight. Policy 
frameworks should build on this commitment rather 
than circumventing it, by mandating human review of  
all AI-generated case assessment outputs, establishing 
clear liability frameworks, and creating institutional 
mechanisms that locate final professional accountability 
unambiguously with the human practitioner.

Limitations
The interpretation of  the present findings must be 
qualified by several methodological limitations that 
bear directly on the validity and generalizability of  the 
conclusions. First and most fundamentally, the cross-
sectional survey design precludes any causal inference 
about the identified relationships. While it is theoretically 
plausible that accumulated AI experience increases 
trust through habituation and competence mechanisms, 
it is equally conceivable that practitioners who are 
dispositionally more open to new technology are both 
more likely to seek out AI experience and more likely to 
express trust in AI tools - a reverse-causal interpretation 
that cannot be excluded on the basis of  the present data. 
Longitudinal studies tracking practitioners before and 
after systematic AI training programs are necessary to 
establish directional causality and to assess the stability 
of  professional trust as an attitudinal construct over time.
Second, the sample was recruited through professional 
networks, academic institutions, and online practitioner 

communities, a strategy that almost certainly over-
represents social work professionals with above-average 
digital engagement and familiarity and underrepresents 
practitioners working in highly traditional, under-
resourced, or rural contexts who may hold markedly 
different views on AI. The generalizability of  the 
present findings to the full population of  social work 
professionals in German-speaking countries, and 
particularly to international professional communities 
operating within different welfare-state traditions and 
regulatory frameworks, is accordingly limited and should 
not be assumed without replication.
Third, all constructs in the present study were assessed 
through self-report measures administered within a 
single questionnaire, creating the structural preconditions 
for common method bias (Podsakoff  et al., 2003). The 
observed correlations between trust and its predictors 
may be partially inflated by shared method variance 
arising from common informant, common measurement 
context, or social desirability effects. Future research 
should incorporate behavioral measures of  AI engagement 
- such as actual rates of  AI tool consultation, rate of  
AI output modification, and frequency of  supervisory 
consultation about AI recommendations - to obtain more 
ecologically valid assessments of  the trust construct that 
triangulate the self-report findings presented here.
Fourth, the present study did not assess potentially 
important individual-difference moderators of  the AI 
experience–trust relationship. Personality characteristics 
such as openness to experience, need for cognitive closure, 
and general technology anxiety are theoretically plausible 
moderators that may substantially alter the magnitude 
or direction of  the experience–trust relationship in 
subpopulations not captured by the present sample. 
Organizational climate variables - including supervisory 
support for AI experimentation, organizational resource 
allocation for technology training, and peer norms 
regarding AI adoption - constitute additional contextual 
moderators whose omission limits the explanatory 
completeness and practical applicability of  the current 
model.
Fifth, the measurement instruments used in this study 
were developed specifically for the present investigation 
and, while demonstrating excellent internal consistency (α 
= .88 and α = .91 respectively), have not been subjected 
to independent confirmatory factor analysis or cross-
sample validation. The establishment of  factorial validity, 
measurement invariance across professional subgroups, 
and test–retest reliability represents a necessary step 
before these instruments can be recommended for routine 
use in AI acceptance research or applied organizational 
assessment contexts.

Future Research Directions
The present findings point toward a productive and 
urgently needed agenda for future empirical inquiry. 
Priority should be accorded to longitudinal intervention 
studies that experimentally manipulate AI training content 
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and intensity among social work practitioners, examining 
the downstream effects on trust calibration, critical 
AI engagement, and downstream assessment quality 
as measured through case outcome data. Qualitative 
methodologies - including ethnographic observation of  
AI tool use in active field practice and phenomenological 
interviewing of  practitioners who categorically resist 
or negotiate AI integration - would provide the micro-
level process insights into professional–AI interaction 
dynamics that quantitative survey research is structurally 
unable to access. Cross-national comparative research 
would clarify whether the attitudinal configuration 
identified here reflects universal features of  professional 
AI acceptance or whether trust, ethics, and legitimation 
concerns are inflected by national welfare-state traditions, 
professional education systems, regulatory environments, 
and organizational cultures in ways that require 
differentiated theoretical and policy responses.
Research attention must also turn urgently toward the 
client side of  the professional–AI–client triad. The 
present study, like the overwhelming majority of  existing 
empirical work in this domain, focuses exclusively on 
practitioner perceptions. The perspectives of  service 
users - the individuals whose interests constitute the 
ultimate moral referent of  any professional ethical 
claim in social work - on AI-assisted case assessment 
remain almost entirely unexamined in the literature. 
Understanding whether and under what conditions 
clients experience algorithmic assessment as trustworthy, 
just, and respectful of  their dignity and agency is both 
ethically necessary and practically essential for designing 
AI integration frameworks that are genuinely accountable 
to the populations they are intended to serve.

CONCLUSION
Social work professionals are neither categorically 
opposed to AI-assisted case assessment nor uncritically 
receptive to it. They apply a sophisticated, normatively 
structured set of  evaluative criteria - centered on 
efficiency, quality, ethics, and the primacy of  human 
professional judgment - that mirror the foundational 
values of  a profession mandated to protect and empower 
society’s most vulnerable members. The present findings 
show that professional trust is not granted automatically 
but earned conditionally: it rises with prior AI experience, 
perceived efficiency, and perceived assessment quality, 
and declines when ethical concerns are salient. When AI 
tools demonstrably improve efficiency and quality, when 
their operations are transparent and auditable, and when 
professional training enables practitioners to engage 
with them critically rather than compliantly, professional 
trust follows. The path to responsible AI integration in 
social services therefore does not run around practitioner 
concerns but directly through them - through investment 
in training, participatory co-design, robust ethical 
governance, and an institutional commitment to the 
proposition that algorithms serve human beings, and 
never the reverse.
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