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Abstract

As Artificial Intelligence (AI) becomes embedded in newsroom operations, organizations
invest in AI readiness on the assumption that preparedness travels with successful out‑
comes. Readiness frameworks typically aggregate diverse outcomes into composite per‑
formance measures, leaving it unclear whether readiness explains each equally well. This
study examines the explanatory scope of institutional AI readiness in UAE newsrooms
using a cross‑sectional survey of a purposive sample of 336 media professionals. Three
collection streams were harmonized and outcomes analyzed separately rather than aggre‑
gated. The seven readiness indicators showed high internal consistency (α = 0.919) and
a dominant first component accounting for 67.7% of item variance; the four conceptual
domains behind the instrument were not recovered as separable dimensions, a pattern
that may partly reflect a general evaluative disposition toward the organization. A one‑
standard‑deviation increase in readiness was associated with 2.59 times higher odds of
deeper adoption (95% CI [1.88, 3.56]) and with greater training provision and perceived
return on AI investment, but not with practitioners’ perceived quality of Arabic‑language
AI output, measured with a single item (ρ = 0.097). Because one readiness indicator con‑
cerns current AI use, all estimates were re‑estimated without it: the odds ratio was 2.38
(95% CI [1.74, 3.25]), the organizational associations remained significant, and the associ‑
ation with perceived Arabic‑language output quality remained non‑significant (ρ = 0.095).
Institutional readiness, therefore, appears to have a bounded explanatory domain in these
data, showing stronger associations with organizational implementation outcomes than
with perceived output quality. Because the design is cross‑sectional and not all respon‑
dents answered outcome items, these are statements of association, not of effect. Studies
relying on composite measures may overstate their explanatory reach.

Keywords: artificial intelligence; newsroom adoption; institutional readiness; measure‑
ment; perceived output quality; Arabic‑language technology; United Arab Emirates

1. Introduction
News organizations are investing heavily in Artificial Intelligence (AI) capability

and in the organizational readiness thought to underwrite it (Beckett & Yaseen, 2023;
Simon, 2024). Readiness frameworks share a premise: that governance, staff capability, re‑
sources, and implementation capacity determine how successfully an organization adopts
AI (Alsheibani et al., 2018; Jöhnk et al., 2021; Holmström, 2022). The premise is rooted
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in older accounts in which adoption outcomes follow from organizational characteristics
rather than from the technology (Tornatzky & Fleischer, 1990; Rogers, 2003).

What remains uncertain is how far it reaches. Readiness is applied to a heteroge‑
neous set of outcomes (deployment depth, organizational capability, governance, output
quality) as though they were a single family of consequences flowing from a single orga‑
nizational property. Because readiness frameworks are typically specified and scored as
composites, the possibility that readiness has a bounded explanatory domain has rarely
been tested directly.

The distinction matters practically: investment guided by an undifferentiated model
will be well directed for some purposes andmisdirected for others. Specifying the reach of
a construct is a condition of using it meaningfully (Bacharach, 1989; Whetten, 1989; Busse
et al., 2017).

The United Arab Emirates offers an informative setting. National AI investment has
coincided with rising adoption in the media sector, while newsroom production remains
heavily Arabic, a language posing distinctive computational challenges (Habash, 2010;
Joshi et al., 2020). Organizational and language‑dependent outcomes can therefore be ob‑
served within a single institutional context.

This study examines the explanatory scope of institutional AI readiness across a dif‑
ferentiated set of newsroom outcomes: deployment depth, training provision, perceived
return on AI investment, and practitioners’ perceived quality of Arabic‑language AI out‑
put, each estimated separately rather than folded into a composite. Drawing on a cross‑
sectional survey of 336 media professionals, it asks whether readiness is a coherent orga‑
nizational property and whether its reach is evenly distributed. Generative systems are re‑
working journalism’s claims over authorship, verification, andprofessional identity (Lewis
et al., 2025); knowing which of those pressures newsrooms can organize their way out of
is a condition of responding to them.

The studymakes two contributions. Methodologically, it tests themeasurement struc‑
ture of a newsroom readiness instrument prior to its use. Substantively, it asks whether
a single readiness measure relates in the same way to outcomes that newsrooms arrange
for themselves and to practitioners’ judgments of AI output, which, in part, depend on
systems outside organizational control.

2. Literature Review
2.1. Institutional Readiness and Organizational Adoption

Research on organizational technology adoption has long held that outcomes depend
on organizational conditions rather than the technology alone, whether framed through
technological, organizational, and environmental pressures (Tornatzky & Fleischer, 1990),
as a staged process shaped by internal structure (Rogers, 2003), or through structural and
managerial determinants (Damanpour, 1991).

Readiness constructs formalize the position by positing ameasurable state of prepared‑
ness that precedes and predicts successful implementation, applied to inter‑organizational
systems (Iacovou et al., 1995), e‑commerce (Molla & Licker, 2005), digital innovation
(Lokuge et al., 2019), and organizational AI adoption, where readiness is decomposed into
strategy, resources, culture, and data capabilities (Alsheibani et al., 2018; Jöhnk et al., 2021;
Holmström, 2022). These frameworks have been validated largely against implementation
outcomes. Whether readiness also accounts for downstream performance, particularly the
quality of AI‑generated journalistic content, has received far less attention.

Five related terms need to be kept apart. Readiness denotes a prior organizational
condition: the resources, rules, and capacities in place before or alongside use. Capability
denotes present operational capacity. Adoption denotes a behavior or stage: whether, and
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how deeply, AI is used. Implementation refers to the process of embedding AI into routines.
Performance denotes an outcome, here narrowed to practitioners’ perceived quality of AI
output. In practice, survey instruments often blur these categories, because respondents
rate readiness from inside organizations where use is already underway. The instrument
analyzed here does so as well, and Section 3.2.1 classifies its indicators accordingly.

2.2. Organizational Capability and Technical Capability

A parallel literature distinguishes between organizational and technical capabilities.
Sociotechnical accounts hold that performance depends on the joint state of technical and
social subsystems (Trist & Bamforth, 1951); later work treats technology and structure as
mutually constituting (Orlikowski, 1992) and human and material agencies as imbricated
(Leonardi, 2011). If the two jointly determine all outcomes, there is little reason to ask
whether particular outcomes are more responsive to one than the other. In newsrooms,
the question has force: an organization can restructure workflows and retrain staff, but
the capabilities of AI systems remain largely exogenous to it.

Newsroom research has documented the organizational side closely: cultural inertia
in legacy organizations, the absorption of innovation into existing routines, and the redis‑
tribution of editorial judgment as automated systems enter production (Thurman et al.,
2017; Broussard et al., 2019; Lewis et al., 2019; Milosavljević & Vobič, 2019). Generative
tools have extended this work, which now maps how practitioners appraise the hazards
and possibilities of such systems (Cools & Diakopoulos, 2026) and how professional roles
shape whether they are taken up (Møller et al., 2025). The technical side has served as
context more often than as a variable.

2.3. AI Implementation in Multilingual and Arabic‑Language News Environments

Most empirical evidence on AI in journalism comes from English‑language settings
(Diakopoulos, 2019; Beckett & Yaseen, 2023; Simon, 2024), including the most recent large‑
scale newsroom survey, which samples UK journalists (Thurman et al., 2025). In non‑
English environments, the readiness–quality relationship may differ, since computational
resources and model capabilities are unevenly distributed (Joshi et al., 2020).

Arabic poseswell‑documented computational challenges: morphological complexity,
orthographic ambiguity, and diglossia, in which Modern Standard Arabic and regional
dialects diverge considerably (Habash, 2010). Dedicated models and benchmarks have
proliferated, yet the evaluation literature reports that Arabic performance still lags be‑
hind English, attributing the gap to limited training data, dialectal diversity, and morphol‑
ogy (Almatham et al., 2025), with dialectal variation particularly underrepresented (Mousi
et al., 2025). Benchmark progress does not establish that AI‑generated Arabic reads as pro‑
fessionally adequate for the journalists who work with it, a distinct and open question
that turns on practitioner judgment in production rather than on task performance under
evaluation.

Research on Gulf media systems has expanded in parallel, examining institutional
strategies, determinants of adoption, and professional attitudes (Ahmad et al., 2023;
Al‑Jenaibi & Bulhoon, 2024; Sonni et al., 2024; Hassouni & Mellor, 2025). The two liter‑
atures have developed separately: computational work asks what AI systems achieve in
evaluation, and organizational work asks how news organizations govern adoption. Nei‑
ther has examined whether journalists’ evaluations of AI‑generated Arabic vary with their
organizations’ readiness.

2.4. Measuring AI Readiness in Journalism

AI readiness instruments are typically framed as multidimensional, comprising do‑
mains such as technology, people, governance, and process, and are combined into com‑
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posite scores; however, their dimensional structure is usually specified on conceptual
rather than empirical grounds. Where the proposed dimensions are not empirically dis‑
tinguishable, reporting separate subscale scores invites conclusions that the measurement
cannot support.

Established procedures for testing these assumptions include internal consistency
analysis, item‑level diagnostics, and dimensionality assessment by parallel analysis rather
than the Kaiser criterion alone (Horn, 1965; Hayton et al., 2004). Such validation is rarely
reported in journalism and media management, leaving the structural validity of many
measures insufficiently examined.

2.5. The Unresolved Boundary of Organizational Explanations

A theoretical contribution is strengthened by specifying the conditions under which a
relationship holds, andweakenedwhen a construct travels without stated limits (Bacharach,
1989; Whetten, 1989; Busse et al., 2017). In newsroom AI research, readiness has been in‑
voked to support adoption, capability development, governance, and output quality alike.

The gap is one of measurement and inference rather than topic. Readiness frame‑
works in the organizational AI literature combine strategic, resource, cultural, and data
components into a single account of preparedness (Jöhnk et al., 2021; Holmström, 2022),
and newsroom surveys typically report adoption, training, and perceived benefits side
by side without testing whether one readiness measure relates to each in the same way
(Beckett & Yaseen, 2023; Thurman et al., 2025). Little is therefore known about whether
readiness explains different outcome domains equally well; when outcomes are combined,
outcome‑specific variation is masked rather than detected. Arabic‑language AI content is
an informative test case, with its quality depending on both organizational decisions (tool
selection, workflow design, training) and model capabilities outside organizational con‑
trol. Evaluating that reach requires validating the construct, examining distinct outcome
domains within one organizational context, and estimating those relationships separately.

2.6. Research Questions

The research questions are organized around measurement, the two outcome classes,
and exploratory heterogeneity. The descriptive state of AI integration (adoption stage,
training, perceived return) is reported first as context for these questions rather than as a
question in its own right.

RQ1. What is the internal consistency and dimensional structure of the institutional AI readiness
measure in newsroom data?

RQ2.  How is institutional readiness associated with organizational implementation outcomes
(adoption maturity, training provision, perceived return on AI investment, and perceived effect
on professional performance), each estimated separately?

RQ3.  How is institutional readiness associated with practitioners’ perceived quality of Arabic‑
language AI output?

RQ4 (exploratory).  Do institutional readiness and its associations vary by organization type,
hierarchical position, or professional experience?

RQ2 and RQ3 together address the scope question raised in Section 2.5; posed in par‑
allel and estimated by the same procedure, they let the comparison rest on the estimates
rather than the framing. RQ1 is prior to both, since a construct whose measurement prop‑
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erties are unestablished cannot support conclusions about reach. RQ4 is exploratory and
is interpreted accordingly.

3. Method
3.1. Sampling and Data Collection Context

The study examined institutional AI readiness, AI adoption, and perceived quality of
AI‑generated journalistic content among media professionals in UAE news organizations.
Purposive sampling recruited journalists, editors, newsroom managers, digital content
specialists, and technical personnel directly involved in editorial decision‑making or AI‑
supported workflows, across public‑sector, commercial, and digital‑native organizations.

Data were collected through a questionnaire administered between October 2025 and
May 2026, reaching analysis as three streams: a main Arabic administration (n = 267), a sec‑
ond Arabic administration (n = 45), and an English administration (n = 24), fielded under
two instrument versions differing in coding scheme and in the granularity of the experi‑
ence and institution‑type options. After screening for completeness and response quality,
the final analytical sample comprised N = 336. The main Arabic stream combined 185 re‑
sponses to the current instrument and 82 responses to its earlier version, collected between
October 2025 and February 2026. The earlier version shared the demographic items and
three of the seven readiness indicators. However, it did not include the outcome modules
in their current form, so its respondents were included in the descriptive analyses but not
in the readiness–outcome analyses (Section 3.6.2).

Most participants completed the questionnaire online through SurveyMonkey, using
links circulated to media professionals; others completed it in face‑to‑face sessions, and
the first author entered their answers. Because the questionnaire was distributed through
professional contacts rather than to a defined sampling frame, a response rate cannot be
computed. Questionnaires without substantive answers were removed during screening;
partially completed questionnaires were retained, and the valid n is reported for each anal‑
ysis. Records sharing an IP address (59) or an identical pattern of readiness ratings (11)
were compared across all other answers; they differed on role, organization, or other items,
consistent with sharedworkplace networks or straight‑line rating, and nonewas treated as
a duplicate. Of the 268 respondents who named their organization, the names correspond
to approximately 130 organizations after merging spelling variants; the largest single orga‑
nization contributed 30 respondents. Respondents from the samenewsroom share policies,
tools, and training, so their answers are not fully independent; Section 3.6.2 describes how
this was handled.

3.2. Construct Measurement and Operationalization

Items were adapted from established technology‑adoption and AI‑readiness scales
and reworded for newsroom workflows in bilingual publishing environments. Response
formats varied by construct: the seven readiness indicators on a 0–100 metric; adoption
maturity on a five‑stage ordinal item; training provision, perceived return on AI invest‑
ment, and perceived Arabic‑language output quality as ordered categorical items; and the
agreement battery on five‑point Likert‑type items. The questionnaire was developed in
Arabic and administered in Arabic and English. The English version was translated from
Arabic by the first author, who works bilingually in journalism research and teaching; no
independent back‑translation was conducted, which is noted as a limitation (Section 5.6).
The full questionnaire in both languages is provided as Supplementary Material S8.
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3.2.1. Institutional AI Readiness (RQ1)

Institutional AI Readiness was the study’s primary construct: the organizational con‑
ditions that enable and govern the integration of AI into newsroom operations. Four con‑
ceptual domains guided item writing. Infrastructure and technological capacity (IR_INF)
covered AI infrastructure, software access, and workflow compatibility; organizational
strategy and governance (IR_GOV) covered formal strategies, governance policies, ethical
guidelines, and risk‑management protocols; training and skill provision (IR_TRN) covered
investment in AI‑related professional development; and evaluative capacity (IR_EVAL)
covered the capacity to monitor implementation and assess workflow outcomes.

These domains describe the coverage the item pool was designed to achieve; they are
not a factor model asserted in advance. Whether they correspond to empirically separable
dimensions is treated as open and addressed in RQ1.

Respondents were asked to “move the slider to indicate the extent to which the fol‑
lowing aspects are achieved in your media organization” (0–100). The seven indicators,
translated from the Arabic instrument, were: (1) the level of actual adoption of AI tech‑
nologies in daily work; (2) the degree of media and digital qualification of staff; (3) the
speed of converting innovative ideas into practical applications; (4) the degree of collabo‑
ration between editorial and technical teams; (5) the extent to which audience engagement
and trust are used in developing media content and services; (6) the availability of guides
and guidelines on using AI and handling misleading news; and (7) reach to all audience
groups (people with disabilities, older people, and speakers of different languages).

The indicators are not homogeneous in kind. Staff qualification and the availability
of guidance are resources or antecedents; implementation speed, editorial–technical col‑
laboration, and the use of audience engagement are organizational routines or processes;
accessibility across audience groups is a normative commitment; and actual adoption in
daily work is an implementation outcome. The first indicator was included on the premise
that an organization’s existing use of AI forms part of the base from which further imple‑
mentation proceeds. It nevertheless overlaps conceptually with adoption maturity, one
of the outcomes analyzed. All readiness–outcome estimates are, therefore, also reported
for a six‑indicator composite that excludes it (Section 4.9). Because every indicator is a re‑
spondent’s rating of their own organization, the composite is interpreted throughout as a
measure of perceived institutional readiness.

3.2.2. Internal Organizational Performance and Management Outcomes (RQ2)

Four dependent variables were operationalized: adoption depth (AD), the extent of
routine AI use in editorial activities including content generation, transcription, copyedit‑
ing and visual production; training provision (TP), the accessibility, quality and continuity
of institutional training; perceived return on AI investment (ROI), respondents’ judgment
of whether their organization obtains a clear return from its investment in AI; and per‑
ceived professional performance (PP), practitioners’ sense of productivity and work qual‑
ity under AI integration. Each was analyzed independently rather than aggregated into a
composite index.

Adoption depthwasmeasured by the question “Howdo you rate your organization’s
level of adoption of AI technologies inmedia work?” with five ordered stages (Section 4.4).
Training provision asked whether the respondent had received specialized AI training in
their organization (adequate training; training received but insufficient; not received be‑
cause the organization does not provide it; not received although available). Perceived
return on AI investment was measured by the question “In your view, does your organiza‑
tion achieve a clear return from investment in AI technologies?”, whose options included
“cannot be assessed at present”. Perceived professional performance asked how AI use
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had affected the respondent’s own work, including the option “I do not use it enough to
assess the effect”. In the correlational and ordinal analyses, responses that do not lie on
an ordered scale (“not received although available” for training; “cannot be assessed at
present” for return on investment; “I do not use it enough to assess the effect” for profes‑
sional performance) and off‑scale responses volunteered by respondents were treated as
missing, which is why these outcomes have smaller valid n in Section 4.6.1.

3.2.3. Practitioners’ Perceived Quality of Arabic‑Language AI Output (RQ3)

Practitioners’ perceived quality of Arabic‑language AI output (hereafter, perceived
Arabic‑language output quality) was measured with a single item: “How do you rate the
quality of AI outputs in Arabic (Modern StandardArabic and local dialects) in yourwork?”
(very poor, poor, average, excellent, very excellent). The item captures a general profes‑
sional appraisal. It does not identify the tool or model used, the type of content, or the
criterion applied (accuracy, linguistic correctness, or editorial usability), and respondents
need not have observed comparable outputs. It is therefore treated as a perception shaped
by tools, tasks, expectations, and professional standards, rather than as a measure of sys‑
tem performance. No screening question preceded it; respondents without sufficient expe‑
rience could leave it blank, and 246 answered it. This distinction follows Section 2, which
distinguishes between organizational readiness and the systems’ technical and linguistic
capabilities.

3.2.4. Control and Subgrouping Variables (RQ4)

Media organization type (print or broadcast; digital‑only platform or news agency;
government media office), hierarchical position (the section head or platform/project man‑
ager option, treated as leadership, versus all other roles), and professional experience were
recorded to characterize the sample and provide the grouping variables for the subgroup
comparisons in RQ4.

3.3. Harmonization Procedure

Mappings rested on documentary evidence rather than post hoc inference: recovered
questionnaire layouts confirmed the documented options, and code‑to‑label co‑occurrence
was verified in the stream where both appeared. Where numeric codes and textual labels
disagreed, textual labels were treated as authoritative and were consistently aligned with
the original questionnaire wording.

• Experience was standardized into the three categories of the current instrument
(<3 years, 3–10 years, >10 years); the finer bands of the earlier version (3–6, 5–10, and
7–10 years) were collapsed into the middle category.

• Organization type in the current instrument distinguishes print or broadcast outlets,
digital‑only platforms, news agencies, and government media offices. The earlier ver‑
sion’s seven optionsweremapped onto these three (print, broadcast, andmixed print–
digital to print or broadcast; digital‑only platforms and news agencies to the second
category; government media offices to the third), with “other” retained separately.
The regression in Section 4.6.2 and the comparison in Section 4.8.1 draw only on re‑
spondents to the two Arabic administrations of the current instrument, so no cross‑
version mapping is applied to them.

• Categories absent from the documented questionnaires were retained separately for
sensitivity analysis rather than reassigned; for one training variable, a small number of
observations could not be mapped unambiguously and were excluded from analyses
involving that variable only. The harmonizeddataset (N = 336) served as the analytical
dataset throughout the analysis.
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3.4. Comparability‑Testing Procedure

Before pooling, comparability across streams was tested. Stream sizes of 45 and 24
cannot support measurement invariance testing, so distributional comparability was as‑
sessed under a fixed‑in‑advance pooling rule.

For each harmonized item, response distributions were compared across versions us‑
ing the chi‑square test of independence, with Cramér’s V for effect size and expected cell
frequencies inspected for sparseness. Items showing no significant difference were pooled;
where differences appeared, stream‑specific results were treated as primary. Because
more than 20% of expected cells fell below five for several items, exact (Fisher–Freeman–
Halton) orMonte Carlo p‑values were also computed (SupplementaryMaterial S1). A non‑
significant test is the absence of evidence of a difference, not evidence of equivalence, and
the small streams had limited power to detect real differences. Pooling is therefore treated
as a working assumption, and two checks test its consequences: models adjusted for the
questionnaire stream and replication in the main stream alone (Section 4.9).

3.5. Measurement Strategy

Multi‑item measurement was possible only for Institutional AI Readiness. Adoption
depth, training provision, perceived return on AI investment, perceived professional per‑
formance, and perceived Arabic‑language output quality were each captured by a single
item, as were institution type, hierarchical position, and experience; all were analyzed di‑
rectly, without latent‑variable specification.

The readiness composite is the mean of the available indicators for respondents who
answer at least five of the seven indicators (a five‑of‑seven threshold, 71.4% of the item
pool), a threshold that keeps each score anchored in a majority of the item pool while
limiting the loss of cases due to itemnonresponse. Of the 221 respondentswith a composite
score, 218 answered all seven indicators, and 3 answered six. A strict seven‑of‑seven rule
is reported as a sensitivity check (Section 4.9).

3.6. Analytic Procedures
3.6.1. Measurement Evaluation

Internal consistency was estimated with Cronbach’s α alongside corrected item–
total correlations and α‑if‑deleted diagnostics. Dimensionality was assessed by principal
component analysis, with retention determined by Horn’s parallel analysis (Horn, 1965)
against the 95th percentile of eigenvalues from 500 simulated random datasets rather than
by the Kaiser criterion alone. Parallel analysis was chosen deliberately, not as a fallback. It
is the more conservative rule: unlike the Kaiser criterion, it holds the observed eigenvalue
structure against a null distribution generated from data of the same rank and sample size,
so a second component is retained only when it exceeds what random data of comparable
dimensions would produce (Hayton et al., 2004). On that test, the seven indicators yielded
a unidimensional solution, with one component accounting for 67.7% of item variance and
the second observed eigenvalue (0.71) well below the simulated threshold. No confirma‑
tory factor model was estimated. A separate confirmatory validation was not attempted
because the available data did not permit an independent split‑sample validation, and fit‑
ting a one‑factor model to the same cases that produced the exploratory solution would
not constitute independent confirmation. Average variance extracted and the heterotrait–
monotrait ratio were not computed because both are used for discriminant comparisons
between factors. With a single retained component, there is no such comparison to make.

Unidimensionality in cross‑sectional ratings indicates that the indicators covary; it
does not imply that they form a single substantively unified property. Because all seven
are ratings of the respondent’s own organization, part of their shared variance may reflect
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a general evaluative disposition toward that organization. This interpretation is carried
forward into the analysis of outcomes (Section 5.2).

3.6.2. Inferential Procedures

Associations between readiness and each outcome were estimated separately rather
than against an aggregate index. Spearman’s rank‑order correlations were the primary es‑
timator, reported with Fisher z‑transformed 95% confidence intervals, with Pearson coeffi‑
cients as a second‑method check. Because five readiness–outcome associations are tested,
Holm‑adjusted p‑values are reported as part of the sensitivity analysis. Adoption matu‑
rity was modeled using ordinal logistic regression with institution type and experience as
covariates, and the proportional‑odds assumption was tested with the Brant (1990) Wald
test, for each predictor and globally. Subgroup comparisons used the Kruskal–Wallis and
Mann–Whitney tests; categorical comparisons used the chi‑square test with Cramér’s V.
All estimates reported in this revisionwere computed, or re‑computed and verified against
the harmonized dataset, in Python 3.11 (pandas 3.0, SciPy 1.17, statsmodels 0.15). Because
many organizations were represented by a single respondent and others by several, multi‑
levelmodelswere not feasible; instead, themain estimateswere re‑estimatedwith a cluster
bootstrap that resamples organizations (1000 resamples; unnamed respondents treated as
their own clusters).

Pairwise deletion follows from the structure of the nonresponse rather than from con‑
venience. Valid n declines across the instrument, from 330 on the early modules to 181
on the later ones (Section 4.9). Much of this decline is structural rather than behavioral:
the 82 respondents to the earlier questionnaire version were not asked the outcome mod‑
ules in their current form, and the primary readiness analyses use the two Arabic admin‑
istrations of the current instrument (n = 230), which share wording, response format, and
coding. The 24 English‑stream responses are included in the descriptive analyses and a
sensitivity check (Section 4.9). Within the current Arabic instrument, item nonresponse
in the later modules was 3% for perceived Arabic‑language output quality and training,
and 20–21% for adoption maturity, return on investment, and expected future role. This
residual nonresponse is patterned rather than diffuse. The downstreammodules ask about
training programs, return assessment, and the handling of Arabic output, each presuppos‑
ing that the organization has AI arrangements to report on; journalists in legacy news‑
rooms running no active tools had nothing to report and passed them over. The miss‑
ingness is, therefore, theoretically substantive rather than random, precisely the condition
under which listwise deletion performs worst, since it would discard the low‑adoption
organizations wholesale and retain a sample tilted toward the better‑equipped. Pairwise
deletion does not correct this selection either: each estimate is computed on the subsam‑
ple that answered the relevant items, and these subsamples become more selective in later
modules. The valid n is, therefore, reported with every estimate, and three further checks
bound the consequences: a comparison of later‑module completers and non‑completers
on early‑module variables, scenario bounds for the principal descriptive proportions, and
listwise re‑estimation (Section 4.9). None of these removes the bias; they indicate its likely
direction and size.

3.7. Measurement Limitations

The instruments imposed structural constraints that bound the study’s scope. Gender,
age, nationality, and baseline AI awareness were not recorded, so those covariates cannot
be examined. Open‑ended responses were collected but, in the absence of a formal cod‑
ing protocol and an intercoder reliability estimate, are not treated as analyzed data; where
quoted below, they illustrate an interpretation carried by the quantitative estimates and
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carry no independent evidentiary weight. Of the four open‑ended questions, 177 respon‑
dents answered at least one; the questions quoted in Section 4.7.4 received 171 responses
(examples of AI in the workflow), 150 (organizational initiatives), and 154 (suggestions).
The first author selected quotations because they addressed howAI enters individualwork
and who governs its use, the themes relevant to RQ3; they are not presented as represen‑
tative of the sample.

A second constraint concerns validation. The intended split‑sample exploratory and
confirmatory strategy could not be executed because the available data did not permit
an independent split‑sample validation. Structural validity, therefore, rests on internal
consistency, item‑level diagnostics, and parallel‑analysis dimensionality assessment, and
the measurement claims are bounded accordingly. The evidence supports the claim that
the analysis depends on the assumption that the seven indicators behave as one dimension
rather than four in these data. Formal content validity evidence (e.g., expert ratings of item
relevance) was not collected.

3.8. Ethical Considerations

The study was approved by the Research Ethics Committee of Zayed University (pro‑
tocol ZU25_074_F). Participation was voluntary. The information statement at the start of
the questionnaire explained the study’s purpose and assured respondents that their an‑
swers were confidential and would be used only for research purposes (in the current in‑
strument, “research and development purposes”); consent was implied by completing the
questionnaire after reading it. No nameswere requested. The organization‑name itemwas
used only to assess the clustering of respondents within organizations and is not reported.
Quotations are reported without role, organization, or other identifying details, and were
checked to ensure they do not allow a respondent or organization to be identified.

4. Results
All analyses use the harmonized dataset (N = 336). Item nonresponse varied across

questionnaire modules, so the valid n is reported for each analysis.

4.1. Sample Description

The analytical sample comprised 336 media professionals across three streams
(n1 = 267, n2 = 45, n3 = 24); Table 1 reports experience, occupational role, and organization
type by stream and in the pooled sample.

Nearly two‑thirds (65.9%) reported more than ten years of experience, and 18.2%
held leadership positions. Reporters, editors, correspondents, and photographers made
up 41.2% of the sample; video producers and digital content creators, 9.7%; and 30.9% de‑
scribed other roles, including public relations, translation, presenting, and freelancemedia
work. Respondents came from print or broadcast outlets (48.8%), digital‑only platforms or
news agencies (27.6%), government media offices (20.0%), and other organizations (3.6%).
The sample is thus weighted toward experienced practitioners. Experienced journalists
may judge AI output against more demanding editorial standards. They may view news‑
room change through the lens of longer institutional memory, so levels of perceived qual‑
ity and readiness should not be read as those of the workforce as a whole. Readiness did
not differ across experience bands (Section 4.8.1), which limits, but does not remove, this
concern.
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Table 1.Respondent Characteristics for the Pooled Sample and Questionnaire Streams.

Characteristic Pooled Sample (N = 336) Stream 1 (n = 267) Stream 2 (n = 45) Stream 3 (n = 24)

Professional Experience (valid n = 328)

<3 years 13.1% [9.9, 17.2] 9.7% 28.9% 20.8%

3–10 years 21.0% [17.0, 25.8] 17.4% 37.8% 29.2%

>10 years 65.9% [60.6, 70.8] 73.0% 33.3% 50.0%

Harmonized Occupational Role (valid
n = 330)

Reporter, editor, correspondent, or
photographer 41.2% [36.0, 46.6] 45.2% 13.3% 50.0%

Video producer or digital content
creator 9.7% [7.0, 13.4] 5.7% 31.1% 12.5%

Section head or platform/project
manager (leadership) 18.2% [14.4, 22.7] 20.3% 8.9% 12.5%

Other roles 30.9% [26.2, 36.1] 28.7% 46.7% 25.0%

Harmonized Organization Type (valid
n = 330)

Print or broadcast 48.8% [43.4, 54.2] 52.5% 33.3% 37.5%

Digital‑only platform or news agency 27.6% [23.0, 32.6] 21.1% 55.6% 45.8%

Government media office 20.0% [16.0, 24.6] 21.8% 11.1% 16.7%

Other 3.6% [2.1, 6.2] 4.6% 0.0% 0.0%

Note. Percentages use the valid n for each variable shown for each block; brackets are Wilson 95%
confidence intervals. Roles, experience bands, and organization types follow the questionnaire’s
own response options (Section 3.3); “leadership” is the section head or platform/project manager
option used in Section 4.8.

4.2. Task‑Level AI Use

A total of 218 respondents identified their primary use of AI (Table 2). Comparability
testing indicated significant differences in task distributions across streams (χ2(5) = 63.34,
p < 0.001, Cramér’s V = 0.539), so task distributions are presented by stream, with pooled
totals reported for descriptive completeness only. The English stream is not shownbecause
its version asked how often each task was performed rather than which task was primary,
so its responses are not comparable.

Table 2. Primary AI Task by Questionnaire Stream.

Primary AI Task Main Stream (n = 176) Second Stream (n = 42) Total (N = 218)

Information gathering and content
generation 80 (45.5%) 1 (2.4%) 81 (37.2%)

Machine translation 30 (17.0%) 28 (66.7%) 58 (26.6%)

Fact‑checking and deepfake detection 17 (9.7%) 11 (26.2%) 28 (12.8%)

Editing and text summarization 26 (14.8%) 1 (2.4%) 27 (12.4%)

Audience data analysis 17 (9.7%) 1 (2.4%) 18 (8.3%)

Drafting news reports and articles 6 (3.4%) 0 (0.0%) 6 (2.8%)

Note. χ2(5) = 63.34, p < 0.001, Cramér’s V = 0.539. Because distributions differed significantly between
streams, stream‑specific results are primary; pooled totals are descriptive. “Drafting news reports
and articles” is not a questionnaire option; it was volunteered by respondents and is retained as a
distinct category.
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Task specialization differed substantially. In the main stream, information gathering
and content generation predominated (45.5%, 95% CI [38.3, 52.8]); in the second, machine
translation accounted for 66.7%. Fact‑checking and deepfake detection accounted for 9.7%
in the main stream and 26.2% in the second, while audience data analysis accounted for
9.7% and 2.4%, respectively.

4.3. Measurement Validation
4.3.1. Data Harmonization and Cross‑Stream Comparability

Harmonization produced complete agreement between documented response op‑
tions and the reconstructed coding scheme for organization type, training provision, adop‑
tion maturity and perceived Arabic‑language output quality, the sole discrepancy being
the undocumented “Good” category volunteered by respondents (Section 4.9).

Comparability testing showed that occupational role, experience, organization type,
training provision, return on AI investment, and expected future role differed signifi‑
cantly across streams (Table 3), as did primary AI task (Table 2), whereas no significant
differences were detected for adoption maturity, personal performance impact, perceived
Arabic‑language output quality, and skills needed (Table 3); the readiness composite did
not differ between the two Arabic administrations (Section 4.9). Given the small streams,
this is absence of evidence of a difference rather than evidence of equivalence (Section 3.4).

Table 3.Distributional Comparability Across Questionnaire Streams.

Item χ2 df p Cramér’s V Pooled for Primary Analysis

Occupational role 43.12 6 <0.001 0.256 No

Professional experience 30.54 4 <0.001 0.216 No

Organization type 35.93 4 <0.001 0.269 No

Training provision 43.10 8 <0.001 0.300 No

Return on AI investment 51.75 6 <0.001 0.367 No

Expected future role 10.48 4 0.033 0.241 No

Adoption maturity 8.36 4 0.079 0.214 Yes

Personal performance impact 9.04 5 0.107 0.223 Yes

Perceived Arabic‑language
output quality 10.53 10 0.395 0.146 Yes

Skills needed 1.79 3 0.618 0.090 Yes
Note. Expected cell counts belowfive exceeded 20% for several items. MonteCarlo p‑values (5000 per‑
mutations) for the items entering the principal analyses were: occupational role < 0.001; professional
experience < 0.001; organization type < 0.001; return on AI investment < 0.001; adoption maturity
0.092; personal performance impact 0.107; perceived Arabic‑language output quality 0.372. No pool‑
ing decision changed (Supplementary Material S1). Organization type was tested on the current
instrument’s three categories (valid n = 249); valid n for every item is reported in S1. Variables desig‑
nated “No” are reported both by questionnaire stream (Supplementary Material S2) and as pooled
estimates.

4.3.2. Validation of the Institutional AI Readiness Scale

The seven‑item scale demonstrated high internal consistency (Cronbach’s α = 0.919,
95%CI [0.901, 0.934]; listwise n = 218). Corrected item–total correlations ranged from 0.605
to 0.809. Removing any indicator except actual adoption loweredα; removing actual adop‑
tion, the indicator with the weakest item–total correlation, raised α marginally to 0.920
(Table 4).
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Table 4. Institutional AI Readiness Indicators and Scale Properties.

Indicator Indicator Type n M SD Corrected
Item–Total r α If Deleted

Actual adoption of AI in daily
work

Implementation
outcome 224 56.4 22.8 0.605 0.920

Staff media and digital
qualification Resource 222 53.7 22.9 0.781 0.904

Speed of converting ideas into
applications Process 276 56.5 26.4 0.809 0.900

Editorial–technical
collaboration Process 221 60.9 25.7 0.762 0.905

Use of audience engagement
in development Process 272 59.2 25.5 0.803 0.901

Availability of AI and
misinformation guidance Resource 270 54.7 29.0 0.791 0.902

Accessibility across audience
groups

Normative
commitment 223 55.9 28.1 0.703 0.912

Note. Indicators were rated on a 0–100 scale. Full‑scale Cronbach’s α = 0.919, 95% CI [0.901, 0.934];
listwise n = 218. Indicator type follows the classification in Section 3.2.1. Component loadings, com‑
munalities, and the distribution of the number of indicators answered per respondent are reported
in Supplementary Material S3.

The indicators co‑varied strongly. Inter‑item correlations ranged from 0.39 to 0.77
(M = 0.62), raw and standardized estimates differing negligibly (∆α = 0.0007). Principal
component analysis identified a dominant first component (eigenvalue = 4.74) explaining
67.7% of total variance; parallel analysis retained one factor, the second eigenvalue (0.71)
falling below the simulated 95th‑percentile threshold.

4.3.3. Evaluation of the Agreement Battery

Reconstruction of the agreement battery revealed uneven item completeness, yielding
a listwise‑complete subsample of 94 across the ten consistently populated items.

Overall internal consistency was acceptable (α = 0.789), but the multidimensional
structure specified in the original instrument was not supported: parallel analysis retained
two factors explaining 27.3% and 23.4% of the variance, and the predefined subscales were
unreliable (Organizational Culture α = 0.511, Ethics and Governance α = 0.525, Audience
Orientation α = 0.421). Only PerceivedMedia Performance reached acceptable consistency
(α = 0.731).

The battery was, therefore, retained for item‑level descriptive analyses only and not
modeled as a latent construct.

4.4. Descriptive Context: Depth of Institutional AI Integration

AI integration sits at intermediate maturity (Table 5). Nearly half of respondents
(46.4%) reported AI used for simple or routine tasks and roughly a quarter (24.0%) reg‑
ular use in selected workflows. Only 23 respondents (12.6%, 95% CI [8.5, 18.2]) described
AI as essential or near‑comprehensive.

Support structures were similarly thin. Of 240 respondents answering the training
item, 65.4% (95% CI [59.2, 71.1]) reported training absent or insufficient and 25.4% (95% CI
[20.3, 31.3]) judged it adequate.

Perceived returns followed the same pattern: of 192 valid responses, 65.1% (95% CI
[58.1, 71.5]) reported returns that could not yet be assessed (45.8%) or had not materialized
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(19.3%), and 12.5% (95% CI [8.5, 17.9]) reported a clear return. The composite readiness
score averaged 56.6 (SD = 20.4), above the midpoint but well short of settled institutional
capacity. Because these proportions rest on respondents who answered later modules,
they are best read with the scenario bounds reported in Section 4.9.

Table 5. Institutional AI Adoption Maturity (n = 183).

Stage Description n % 95% CI

5 Near‑total reliance 3 1.6 [0.6, 4.7]

4 Essential element of the workflow 20 10.9 [7.2, 16.3]

3 Regular use in some editorial or digital processes 44 24.0 [18.4, 30.7]

2 Partial use in simple or routine tasks 85 46.4 [39.4, 53.7]

1 Limited or experimental use 31 16.9 [12.2, 23.0]
Note. Percentages and 95% confidence intervals are calculated using the valid sample size for the
adoption maturity item (n = 183).

4.5. RQ1: Reliability and Dimensionality of Institutional Readiness

The readiness indicators showed high internal consistency (Section 4.3.2). What relia‑
bility cannot settle is whether the conceptual domains behind the item pool correspond to
anything separable in the data.

Dimensionality told a different story. A single component dominated and parallel
analysis retained one factor, the second observed eigenvalue (0.71) falling below both the
Kaiser criterion and the simulated threshold.

The four conceptual domains were, therefore, not recovered as separable dimensions.
In these cross‑sectional data, the indicators co‑occur as a single dimension, and the compos‑
ite is used below as a single scalar rather than as a diagnostic profile fromwhich particular
weaknesses can be read off. This does not establish that readiness is one substantively uni‑
fied organizational property: the indicators span resources, processes, a normative com‑
mitment, and one implementation outcome (Table 4), and their co‑variation may partly
reflect respondents’ overall evaluation of their organization.

4.6. RQ2: Institutional AI Readiness and Organizational Outcomes
4.6.1. Bivariate Associations Between Institutional AI Readiness and Outcome Measures

Bivariate analysis revealed a clear split between internal organizational outcomes and
perceived Arabic‑language output quality (Table 6; Figure 1).

Table 6. Associations Between Institutional AI Readiness, Internal Organizational Outcomes, and
Perceived Arabic‑Language Output Quality.

Outcome Measure Spearman’s ρ 95% CI n p Holm‑Adjusted p Pearson r

Perceived AI return on investment (ROI) 0.431 [0.253, 0.580] 97 <0.001 <0.001 0.433

Training provision 0.429 [0.306, 0.537] 193 <0.001 <0.001 0.432

Adoption maturity 0.415 [0.285, 0.529] 179 <0.001 <0.001 0.425

Personal performance impact 0.226 [0.069, 0.373] 150 0.005 0.011 0.223

Perceived Arabic‑language output
quality 0.097 [−0.038, 0.229] 212 0.159 0.159 0.103

Note. Spearman’s ρ reportedwith Fisher z‑transformed 95% confidence intervals; Pearson r provided
as a second‑method check. Holm adjustment across the five tests. Estimates with the six‑indicator
composite and adjusted for questionnaire stream are reported in Section 4.9. Because the correlations
are computed on different, overlapping subsamples, differences between each organizational corre‑
lation and the correlation with perceived Arabic‑language output quality were tested by bootstrap
(2000 resamples of respondents).
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Figure 1. Associations between institutional readiness and five outcome measures, with 95% confi‑
dence intervals. Intervals excluding zero are shown in black; the interval spanning zero is shown in
red. Estimates correspond to Table 6; the Arabic outcome is practitioners’ perceived output quality.

Three internal organizational outcomes were moderately and highly significantly as‑
sociatedwith readiness: perceived return onAI investment (ρ = 0.431, 95%CI [0.253, 0.580],
n = 97), training provision (ρ = 0.429, 95% CI [0.306, 0.537], n = 193), and adoption matu‑
rity (ρ = 0.415, 95% CI [0.285, 0.529], n = 179), all p < 0.001. Perceived personal perfor‑
mance effect was weaker but significant (ρ = 0.226, 95% CI [0.069, 0.373], n = 150, p = 0.005),
and all four associations remained significant after Holm adjustment. The contrast is it‑
self statistically supported: bootstrap 95% intervals for the difference from the correlation
with perceived Arabic‑language output quality excluded zero for return on investment
(∆ρ = 0.333 [0.098, 0.546]), training provision (∆ρ = 0.332 [0.134, 0.519]), and adoptionmatu‑
rity (∆ρ = 0.317 [0.126, 0.494]), but not for personal performance (∆ρ = 0.129 [−0.054, 0.303]).

Perceived Arabic‑language output quality showed no significant association with
readiness (ρ = 0.097, 95% CI [−0.038, 0.229], n = 212, p = 0.159). The interval is the sub‑
stantive result rather than the point estimate: it excludes moderate and larger associations
while remaining compatible with a small one. The results therefore suggest a distinction
between organizational outcomes and practitioners’ assessments of AI output.

4.6.2. Ordinal Logistic Regression Model of Adoption Maturity

Readiness was the sole significant predictor (Table 7). A one‑standard‑deviation in‑
creasewas associatedwith 2.59 times higher odds of occupying a higher adoptionmaturity
category (OR = 2.587, 95% CI [1.879, 3.561], p < 0.001); neither institution type nor experi‑
ence contributed independently.

Table 7.Ordinal Logistic Regression Predicting AI Adoption Maturity (n = 179).

Predictor Term Odds Ratio (OR) 95% CI Parameter (b) SE p

Institutional Readiness (per SD) 2.587 [1.879, 3.561] 0.950 0.163 <0.001

Institution: Government Media 1.020 [0.429, 2.424] 0.019 0.442 0.965

Institution: Print/Broadcast 0.941 [0.453, 1.957] −0.061 0.373 0.871

Experience: <3 Years 0.657 [0.260, 1.660] −0.420 0.473 0.374

Experience: 3–10 Years 0.778 [0.395, 1.532] −0.251 0.346 0.467

Note. Model LR χ2(5) = 41.46, p < 0.001; McFadden pseudo‑R2 = 0.092. Reference categories: Digital‑
only platform/News agency (Institution); >10 years (Experience). The model uses respondents to the
two Arabic administrations of the current instrument, whose institution and experience categories
are shown (Section 3.3). Adoption stages 4 and 5 were merged for estimation because stage 5 had
three respondents; thresholds (logit scale) were −2.01, 0.54, and 2.15. Models without the adoption
indicator and with questionnaire stream are reported in Section 4.9.
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The proportional‑odds assumption was not rejected, either globally (Brant test
χ2(10) = 8.63, p = 0.568) or for the readiness coefficient (χ2(2) = 1.08, p = 0.583); no other
predictor approached significance (all p > 0.50).

4.7. RQ3: Institutional AI Readiness and Practitioners’ Perceived Quality of Arabic‑Language
AI Output
4.7.1. Descriptive Evaluation of Perceived Content Quality

Most respondents ratedArabic AI‑generated content average (58.9%, 95%CI [52.7, 64.9];
Table 8); 27.6% (95%CI [22.4, 33.5]) rated it excellent or very excellent (30.9% if the off‑scale
“Good” responses are included) and 10.2% (95% CI [7.0, 14.6]) poor or worse.

Table 8. Practitioners’ Perceived Quality of Arabic‑Language AI Output (n = 246).

Rating Category n % 95% CI

Very excellent 11 4.5 [2.5, 7.8]

Excellent 57 23.2 [18.3, 28.8]

Good (off‑scale response) 8 3.3 [1.7, 6.3]

Average 145 58.9 [52.7, 64.9]

Poor 19 7.7 [5.0, 11.7]

Very poor 6 2.4 [1.1, 5.2]
Note. “Good” was volunteered by respondents and is not a documented scale option; it is retained
as a distinct category (see Section 4.9). All eight “Good” ratings came from the main stream and
were among 20 responses entered on a single day, consistent with the transcription of face‑to‑face
responses in which respondents offered a rating between the documented options. To that extent
the item was not administered as a strictly closed scale.

4.7.2. Institutional Readiness and Perceived Quality Evaluations

Institutional AI Readiness was not significantly associated with perceived Arabic‑
language output quality (ρ = 0.097, 95% CI [−0.038, 0.229], n = 212, p = 0.159); with this
sample the study had 80% power to detect ρ ≥ 0.194. None of the seven individual indi‑
cators was significantly associated with perceived output quality either (ρ range 0.007 to
0.112, all p > 0.10, n = 211–215), so the null does not reflect aggregation across heterogeneous
indicators.

4.7.3. Organizational and Individual Correlates of Perceived Content Quality

Although readiness was not significantly associated with perceived Arabic‑language
output quality, practitioners’ evaluations were positively associated with perceived personal
performance effect (ρ = 0.231, 95% CI [0.074, 0.377], n = 151, p = 0.004). No association was ob‑
served with adoption maturity (ρ = 0.107, p = 0.154), training provision (ρ = 0.013, p = 0.845),
or perceived return on investment (ρ = 0.106, p = 0.146). Perceived Arabic‑language output
quality was thus associatedwith practitioners’ perceived personal performance effect but not
significantly with readiness or with the other organizational outcomes.

4.7.4. Practitioner Accounts of Arabic‑Language Work

Open‑ended responses, collected but not formally coded (Section 3.7), read consistently
with the quantitative pattern and are quoted for illustration only. Asked for specific exam‑
ples of how AI enters their work, respondents described a practice they had bounded for
themselves. One drew the line at authorship: “I use it for rewrites, editing, proofreading my
content, editing content for social media (never drafting new content at any point)… some‑
times translation.” Another, asked for suggestions, placed the safeguard after the tool rather
than around it: “We can use AI but always do the necessary edits and checks before publica‑
tion.” Neither is describing a policy. Both are describing a rule they apply themselves.
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Asked separately to nameAIprojects or initiatives at their organization, one respondent
answered by denying the premise of the question: مؤسسية» وليست شخصية اجتهادات المبادرات «معظم
(most initiatives are personal exertions of judgement, not institutional ones). The term
reached for here, ijtihad, carries the sense of independent reasoned effort undertakenwhere
no settled rule applies, and it names the position the other accounts describe occupying. A
practitioner working in Arabic‑language production was more specific about the isolation
involved: وتحريرها» الأخبار مراجعة في استخدمه التحريري المطبخ عن بعيدة كوني «كفرد (individual, since I
am far from the editorial kitchen; I use it to review and edit the news). Verifying Arabic
output, catching dialectal slippage, judging which tasks a model can be trusted with: in
these accounts, this is labour performed at the desk, by individuals, on their own authority.

The accounts sit well with the estimates. Readiness was not significantly associated
with perceivedArabic‑language output quality (ρ = 0.097)while being associatedwith each
organizational outcome, and rated quality tracked practitioners’ own sense of their perfor‑
mance (ρ = 0.231). Where the burden of linguistic verification falls on individual prudence,
better organization may have little to substitute for it. These quotations cannot establish
that reading; they offer illustrative material consistent with one possible interpretation of
the correlational null, and they come from a small number of respondents.

4.8. RQ4 (Exploratory): Variation by Institution Type, Leadership Position, and
Professional Experience
4.8.1. Institutional AI Readiness Across Organizational Groups

Institutional AI Readiness differed significantly across organization types (Kruskal–Wallis
H = 6.90, df = 2, p = 0.031): government media scored highest (M = 62.5, n = 50), followed by
print/broadcast (M = 55.3, n = 119) and digital‑only platforms and news agencies (M = 54.0,
n = 52). These groups follow the main questionnaire version’s organization‑type item
(Section 3.3); the comparison with the six‑indicator composite is reported in Section 4.9.

Readiness did not differ by leadership position (leaders M = 56.9, n = 38; non‑leaders
M = 56.6, n = 183; Mann–Whitney U, p = 0.669) or across experience bands (H = 0.40, df = 2,
p = 0.808). The 60 respondents in leadership roles are distributed unevenly across items
(Table 9).

Table 9. Leadership Differences Across AI‑Related Organizational Outcomes.

Outcome/Variable Leader n Non‑Leader n χ2 df p Cramér’s V

Adoption maturity 30 153 1.04 4 0.904 0.075

Perceived AI return on investment 32 160 0.80 3 0.851 0.064

Training provision 40 200 5.63 4 0.229 0.153

Institution type 41 208 3.46 2 0.178 0.118

Personal performance impact 29 153 7.83 5 0.166 0.207

Perceived Arabic‑language output quality 41 205 12.51 5 0.028 0.226

Expected future role 29 152 9.96 4 0.041 0.235

Experience 60 268 19.47 2 <0.001 0.244

Note. Comparisons use the chi‑square test of independence. Expected future role was among the
items failing the cross‑stream comparability criterion in Table 3 (χ2(4) = 10.48, p = 0.033, Cramér’s
V = 0.241) and is pooled here. A robustness check confined to the main questionnaire stream, the
largest of the three, returned the same result in direction and significance (χ2 = 9.42, p = 0.044). Adop‑
tion maturity, personal performance impact, and perceived Arabic‑language output quality met the
criterion; training provision, perceived return on investment, institution type, and experience did not
(Table 3) and are pooled here, so their comparisons should be read accordingly. These comparisons
are exploratory and unadjusted for multiplicity.
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4.8.2. Leadership Differences Across Organizational Outcomes

Leadership status was not significantly associated with adoption maturity, perceived
return on AI investment, training provision, institution type, and perceived personal per‑
formance effect (all p > 0.05).

Three differences did emerge. Leaders were substantially more experienced (90.0%
with more than ten years, against 60.4%; χ2 = 19.47, p < 0.001, V = 0.244); they judged Ara‑
bic AI‑generated content more critically (24.4% poor or very poor, against 7.3%; χ2 = 12.51,
p = 0.028, V = 0.226); and they more often expected AI to change their role fundamentally
(37.9% vs. 19.7%), while non‑leaders more often reported uncertainty (20.4% vs. 3.4%;
χ2 = 9.96, p = 0.041, V = 0.235). Because expected future role differed across versions
(Table 3), this comparison was re‑estimated within the main stream alone; direction and
significance held (χ2 = 9.42, p = 0.044).

In these exploratory comparisons, readiness differed by organization type but not
significantly by leadership position or experience. What distinguished leadership was as‑
sessment of AI output and experience, not organizational readiness or adoption depth.

4.9. Sensitivity and Robustness Analyses

Four pre‑specified checks tested robustness: replication using the main questionnaire
stream alone (valid n = 155–180 per estimate); alternative treatment of the undocumented
“Good” category; listwise rather than pairwise deletion (n = 76); and a strict seven‑of‑seven
composite inclusion rule. Full detail appears in the Supplementary Materials (S4–S7).

None altered a conclusion. Single‑stream estimates fell within two percentage points
of pooled values on four of five indicators; off‑scale handling moved the share rated ex‑
cellent or better between 27.6% and 30.9%; under listwise deletion, the readiness–outcome
associations retained their direction and significance, including the Arabic‑language null
(ρ = 0.100, p = 0.388). Because the complete‑case subsample is likely more selective than
the pairwise subsamples, this shows only that the pattern does not depend on the deletion
rule, not that the estimates are unbiased; and the strict and primary composites correlated
at r = 1.0000, the adoption‑maturity odds ratio shifting only from 2.587 to 2.585.

Case loss and selection. Table 10 reports, for each module, how many respondents
were asked the item and how many answered, and bounds the principal descriptive pro‑
portions under two scenarios for the non‑answers. If every respondent who skipped the
adoption item worked at the lowest stage, the share reporting AI as essential or near‑
comprehensive would fall from 12.6% to 10.0%. Among the 230 respondents to the cur‑
rent Arabic instrument, those who answered the adoption item (n = 183) did not differ
from those who skipped it (n = 47) in organization type (χ2(2) = 1.95, p = 0.377), readiness
(M = 57.2 vs. 54.2, Mann–Whitney p = 0.469), or perceived Arabic‑language output quality
(p = 0.252). They did differ by stream (skipping was more common in the second Ara‑
bic administration; χ2(1) = 9.07, p = 0.003) and by experience (more common among those
with fewer than 3 years; χ2(2) = 8.24, p = 0.016). Weighting completers by the inverse of
their predicted response probability from stream, organization type, and experience left
the readiness–adoption association essentially unchanged (weighted ρ = 0.408 vs. 0.415).

Clustering and the English stream. Resampling organizations rather than respon‑
dents changed the intervals only slightly and changed no conclusion: adoption maturity
ρ = 0.415 [0.235, 0.555]; training ρ = 0.429 [0.299, 0.545]; return on investment ρ = 0.431
[0.249, 0.587]; personal performance ρ = 0.226 [0.060, 0.341]; perceived Arabic‑language
output quality ρ = 0.097 [−0.056, 0.238]; odds ratio 2.59 [1.74, 4.00]. Adding the English
stream’s readiness responses (composite n = 245) also left the pattern unchanged (e.g., train‑
ing ρ = 0.435; perceivedArabic‑language output quality ρ = 0.110, p = 0.092; Supplementary
Material S9).
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Table 10. Items Asked, Valid Responses, and Scenario Bounds for Descriptive Proportions.

Module/Estimate Asked of (n) Valid n Observed %

Bound If All
Non‑Answers
Fall Outside the
Category

Bound If All
Non‑Answers
Fall Inside the
Category

Occupational role 336 330 ‑ ‑ ‑

Readiness composite (≥5 of
7 indicators) 230 221 ‑ ‑ ‑

Primary AI task 230 218 ‑ ‑ ‑

Perceived Arabic‑language
output quality: average or
worse

254 246 69.1 66.9 70.1

Training provision: absent or
insufficient 254 240 65.4 61.8 67.3

Perceived return: clear return 254 192 12.5 9.4 33.9

Adoption maturity: essential
or near‑total (stages 4–5) 230 183 12.6 10.0 30.4

Expected future role 230 181 ‑ ‑ ‑
Note. “Asked of” counts respondents whose questionnaire version contained the item and whose
responses entered that analysis: the 230 respondents to the two Arabic administrations of the cur‑
rent instrument, plus the 24 English‑stream respondents, where their answers are pooled. Bounds
re‑express each proportion over the respondents asked. If skipping reflects the absence of AI arrange‑
ments (Section 3.6.2), the relevant bounds are the first for adoption and clear return, and the second
for absent or insufficient training.

Readiness without the adoption indicator and stream‑adjusted estimates. Table 11
re‑estimates every readiness–outcome association with a six‑indicator composite that
omits actual adoption, and re‑estimates the ordinal model with harmonized categories
and questionnaire stream as a covariate. Excluding the adoption indicator left the scale’s
properties intact (α = 0.920; one component explaining 71.8% of variance) and reduced the
odds ratio for adoptionmaturity from 2.59 to 2.38 (95%CI [1.74, 3.25]); the correlation with
adoption maturity fell from 0.415 to 0.390. All four organizational associations remained
significant after Holm adjustment, and the association with perceived Arabic‑language
output quality remained non‑significant (ρ = 0.095, p = 0.166). Adjusting for questionnaire
stream strengthened, rather than weakened, the readiness estimates (odds ratio 2.71 with
seven indicators; 2.48 with six). Adoption maturity was lower in the second Arabic admin‑
istration at a given level of readiness (OR = 0.19 [0.07, 0.53]), but readiness itself did not
differ between the two administrations (Mann–Whitney p = 0.880). Full model output is
provided in Supplementary Material S9.

Table 11.Re‑estimation Without the Adoption Indicator and With Stream Adjustment.

Estimate Seven Indicators (as
Reported)

Six Indicators,
Without Actual
Adoption

Seven Indicators,
Stream‑Adjusted

Six Indicators,
Stream‑Adjusted

Cronbach’s α [95% CI] (listwise n) 0.919 [0.901, 0.934]
(218)

0.920 [0.902, 0.935]
(218) ‑ ‑

First eigenvalue/% variance/second
eigenvalue 4.74/67.7%/0.71 4.31/71.8%/0.49 ‑ ‑

ρwith perceived ROI (n = 97) 0.431 *** 0.434 *** 0.458 *** 0.463 ***
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Table 11.Cont.

Estimate Seven Indicators (as
Reported)

Six Indicators,
Without Actual
Adoption

Seven Indicators,
Stream‑Adjusted

Six Indicators,
Stream‑Adjusted

ρwith training provision (n = 193) 0.429 *** 0.423 *** 0.429 *** 0.423 ***

ρwith adoption maturity (n = 179) 0.415 *** 0.390 *** 0.429 *** 0.404 ***

ρwith personal performance
impact (n = 150) 0.226 ** 0.208 * 0.230 ** 0.211 *

ρwith perceived Arabic‑language
output quality (n = 212) 0.097 0.095 0.097 0.095

OR for adoption maturity, per SD
[95% CI] 2.587 [1.879, 3.561] 2.380 [1.742, 3.250] 2.711 [1.955, 3.760] 2.484 [1.808, 3.413]

Brant test, global χ2 (df), p 8.63 (10), 0.568 8.20 (10), 0.609 9.76 (12), 0.637 9.50 (12), 0.660

Kruskal–Wallis H by organization
type (p) 6.90 (0.031) 6.22 (0.045) ‑ ‑

Note. * p < 0.05, ** p < 0.01, *** p < 0.001; all organizational associations remain significant after Holm
adjustment. Stream‑adjusted correlations are partial Spearman correlations controlling for question‑
naire stream (main vs. second Arabic administration); stream‑adjusted ordinal models add stream
to the institution and experience covariates of Table 7. The six‑indicator composite requires at least
four of six indicators (n = 221) and correlates 0.99 with the seven‑indicator composite. α confidence
intervals follow Feldt’s method.

4.10. Exploratory Analyses

These analyses were not pre‑specified, were not adjusted for multiple comparisons,
and are interpreted as exploratory.

Examined by organization type, the readiness–perceived Arabic‑language output
quality association was positive and significant only within digital‑only platforms and
news agencies (ρ = 0.284, n = 51, p = 0.043), near zero in government media (ρ = −0.016,
n = 48) and in print and broadcast organizations (ρ = 0.064, n = 113), and did not survive
Bonferroni adjustment across the three organization types (α = 0.05/3 ≈ 0.017).

Exploratory analysis of the reconstructed agreement battery suggested a two‑factor
solution but rested on a listwise‑complete subsample of 94; no conclusions are drawn
from it.

4.11. Summary of Findings

Institutional AI Readiness was associated with internal organizational outcomes
(adoption depth, training provision, and perceived return on AI investment) and with per‑
ceived professional performance, but not with practitioners’ perceived quality of Arabic‑
language AI output. In exploratory comparisons, readiness differed by institution type
but not significantly by hierarchical position or professional experience.

5. Discussion
The discussion separates four kinds of statement: what was observed, what the ob‑

servations are consistent with, which mechanisms remain unverified, and which causal
claims require further research.

5.1. Principal Findings

In these data, perceived institutional readiness for AI was treated as a single measur‑
able dimension rather than a set of separable capacities. Seven indicators, from technology
use and staff qualifications through implementation speed, editorial–technical collabora‑
tion, governance provision, and accessibility, formed a highly reliable scale, with one com‑
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ponent accounting for 67.7% of the variance. The indicators co‑varied closely; whether
they would also change together under intervention is a separate question the design can‑
not answer.

That dimension is associated with how deeply AI is reported to be embedded, but re‑
ported AI integration was concentrated at the partial‑use stage. A one‑standard‑deviation
increase in readinesswas associatedwith 2.59 times higher odds of a higher adoption stage.
However, only 12.6% of those who answered the adoption item (n = 183) described AI as
essential or near‑comprehensive. Among respondents answering the relevant items, about
two‑thirds reported absent or insufficient training (65.4%, n = 240) and about two‑thirds
reported that return on investment was absent or could not yet be assessed (65.1%, n = 192).

Readiness was associated with the organizational outcomes. It was not associated
with practitioners’ perceived Arabic‑language output quality to any comparable degree:
its association with practitioners’ ratings was not distinguishable from zero, with an inter‑
val excluding moderate and larger effects while permitting a small one.

Comparison with prior research. The training deficit reported here matches findings
elsewhere. The global JournalismAI survey identified financial constraints and a lack of
resources for qualified personnel and upskilling programs as key barriers to AI adoption
(Beckett & Yaseen, 2023). In the United Kingdom, Thurman et al. (2025) found that AI
use and training provision reflect how well‑resourced a news organization is. In the UAE,
professionals interviewed by Hassouni and Mellor (2025) reported no clear guidelines or
training plans and relied on self‑directed learning. The positive association between readi‑
ness and training provision (ρ = 0.429) is consistent with these accounts. The present data
depart from them in one respect. Hassouni and Mellor (2025) expressed concern about
the quality of AI‑generated Arabic, and practitioners here were similarly reserved (aver‑
age or worse in 69.1% of cases); yet that judgment was not significantly associated with
the rated readiness of their organizations. Earlier newsroom studies documented orga‑
nizational conditions shaping uptake (Thurman et al., 2017; Milosavljević & Vobič, 2019).
The present results suggest that this organizational account holds for implementation out‑
comes but not for perceived output quality.

5.2. Theoretical Implications

What was observed? Within these data, institutional readiness behaved as a unidi‑
mensional measure and was associated with four organizational outcomes. Three associ‑
ations are moderate (ρ = 0.415–0.431, all p < 0.001); the fourth, perceived personal perfor‑
mance effect, is weaker (ρ = 0.226). The associationwith perceivedArabic‑language output
quality is bounded below moderate magnitude.

What the evidence is consistent with. The pattern accords with sociotechnical ac‑
counts in which outcomes depend on the joint state of technical and social subsystems
(Trist & Bamforth, 1951), and with the view that technology and structure are mutually
constituting (Orlikowski, 1992; Leonardi, 2011). An organization can restructure work‑
flows and retrain staff, whereas it cannot directly alter the underlying Arabic‑language
capabilities of the models it uses. The observed asymmetry is consistent with this distinc‑
tion. Generative systems press on norms of authorship and professional identity that no
newsroom governs alone (Lewis et al., 2025).

What remains unverified. A central alternative concerns the composite itself. Its re‑
liability is high across substantively distinct indicators, suggesting that it partly captures
a general evaluative disposition toward the organization rather than four independent ca‑
pacities. That reading fits the outcome pattern: readiness was associated with other orga‑
nizational self‑assessments but not with an assessment of something external to the organi‑
zation. Common‑method variance (Podsakoff et al., 2003) remains a viable explanation for
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the positive associations, though it does not account for the null. The conceptual overlap
between the adoption indicator and adoption maturity is a second threat, which the six‑
indicator re‑estimation addresses (Table 11). Mechanisms linking readiness to outcomes
were not observed.

What requires further research? The associations are cross‑sectional; whether readi‑
ness precedes adoption, follows it, or both reflects a common cause cannot be settled here
(Section 5.6).

5.3. Boundary Conditions

The most consequential result is not that readiness is associated with adoption, but
that its reach has an identifiable edge falling along a theoretically meaningful line. Institu‑
tional readiness appears to have a bounded explanatory domain: in these data, it is associ‑
atedwith organizational capabilities and implementation outcomesmore consistently than
with practitioners’ perceived output quality. This is not a claim that organizational factors
are irrelevant to how well AI performs, but rather that the class of outcomes determines
how strongly readiness is associated with those outcomes. Readiness constructs may be
better suited to explaining whether a technology becomes embedded than to explaining
perceived performance in a domain‑specific task.

The distinction is visible in which outcomes moved. Adoption depth, training provi‑
sion, and perceived return on AI investment concern organizational arrangements: things
a newsroom decides, funds, and structures. Perceived Arabic‑language output quality
may partly depend on model capability, Arabic training data, and the handling of mor‑
phology and diglossia, none of which a newsroom controls by reorganizing itself. Because
output quality was perceived rather than measured, this link remains an interpretation
rather than an observation.

If replicated, the implicationwould extend beyond this sample. Studies treating readi‑
ness as a global explanatory variable may overstate its reach by aggregating outcome
classes that respond differently to it; where implementation and perceived output out‑
comes are pooled into a single dependent construct, a boundary of this kind is averaged
away rather than detected. The organizational half of the pattern is not peculiar to this
sample: a Reuters Institute survey of UK journalists likewise reports that AI use, training
provision, and dependence on third‑party tools track how well resourced a news organi‑
zation is (Thurman et al., 2025).

Two qualifications accompany this reading. First, the null is bounded, not absolute:
the interval extends to ρ = 0.229, ruling out a moderate or large association with perceived
Arabic‑language output quality but not a small one. The defensible claim is limited ex‑
planatory reach, not irrelevance.

Second, the null is not uniform across contexts. In digital‑only platforms and
news agencies, readiness was associated with perceived Arabic‑language output quality
(ρ = 0.284, n = 51), whereas the association was near zero in traditional outlets. The sub‑
group is small and would not survive multiplicity correction, so it is reported as a hypoth‑
esis rather than a finding.

A third boundary concerns hierarchy. Leadership status was not significantly associ‑
ated with readiness, adoption maturity, perceived return on investment, or training pro‑
vision. Leaders were more experienced, rated Arabic‑language output lower, and were
markedly less likely to describe their trajectory as unclear. That readiness does not vary
by position is worth registering against work reporting that professional role conditions
whether generative tools are adopted at all (Møller et al., 2025): role may shape individual
uptake without shaping how the organization is appraised. The absence of hierarchical
differences should be read with its power limits in mind.
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A fourth concerns experience. Two‑thirds of respondents (65.9%, n = 328) had more
than ten years in the profession, and leaders, who were almost all in that band, rated Ara‑
bic output more critically than non‑leaders. Experienced practitioners may bring more de‑
manding editorial standards to AI output, so the low perceived‑quality ratings may partly
reflect the evaluators as well as the systems. Readiness did not vary by experience, but a
less experienced sample might rate output quality more favorably.

5.4. Confidence in the Reported Findings

The dataset arrived as three collection streams across two questionnaire versions, one
of which carried numeric codes without value labels. The numeric streamwas decoded by
recovering the codebook from the original instrument and verifying it against code‑to‑label
co‑occurrence in a streamwhere both appeared, so themapping rests on documentary and
observed evidence rather than inference. Harmonization raised the item‑level bases by 23
to 45 respondents without adding an imputed value.

5.5. Practical Implications

For newsroom leadership, readiness was associated with the depth of adoption, train‑
ing provision, and perceived return on AI investment. The present cross‑sectional mea‑
surement structure does not support interpreting the four proposed domains as empiri‑
cally independent subscales. Intervention studieswould be required to determinewhether
individual organizational capacities can bemodified independently andwhether improve‑
ments in one carry over to the others.

For journalists, perceived Arabic‑language output quality was associated with per‑
ceived personal performance effect but not significantly with readiness. One interpreta‑
tion, which these data cannot verify, is that practitioners working in Arabic treat output
quality as a property of the tools rather than of the newsroom, so that task selection and
verification at the individual level carry weight that organizational provision does not sub‑
stitute for. One respondent described the position in those terms, as personal ijtihad rather
than institutional practice (Section 4.7.4).

For those building Arabic‑language systems and the researchers evaluating them,
69.1% of practitioners who rated it (n = 246) judged Arabic output as average or worse,
and this perceived quality rating was not associated with greater institutional readiness.
The evaluation literature independently reports that Arabic performance still trails English
(Almatham et al., 2025); what these data add is that practitioners in production also per‑
ceive limitations, and that the gap between computational evaluation and working assess‑
ment is itself a target for investigation.

5.6. Limitations

Measurement: Only Institutional AI Readiness could be measured with a multi‑item
scale; the agreement battery’s subscales had unacceptable reliability (Section 4.3.3). Adop‑
tion depth, training provision, perceived return on AI investment, perceived performance
effect, and perceived Arabic‑language output quality were each a single item. These are
concrete organizational judgments rather than latent constructs, so single indicators are
defensible; nonetheless, this precludes reliability estimation and attenuates the reported
associations. Perceived Arabic‑language output quality was a single general perception
that did not specify tool, task, variety of Arabic, or criterion; direct technical performance
was not observed. The first author translated the English version without independent
back‑translation. The readiness composite includes one indicator of current AI use, which
overlaps with adoption maturity (addressed in Table 11), and its indicators mix resources,
processes, and outcomes. All measures are self‑reports obtained from a single instrument
(Podsakoff et al., 2003).
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Design: The design is cross‑sectional and cannot establish temporal order. The
readiness–outcome analyses rest on the 230 respondents to the current Arabic instrument,
because the earlier version did not include the outcome modules in their current form.
Within that group, item nonresponse in the later modules ranged from 20% to 21% and
is likely not random: respondents in organizations without AI arrangements plausibly
skipped items presupposing AI, and skipping was more common in the second admin‑
istration and among less experienced respondents. Neither pairwise nor listwise dele‑
tion corrects this. Its likely effect is to bias upward adoption, training, and return esti‑
mates; completers and non‑completers did not differ in readiness, and response weighting
left the adoption association unchanged (Section 4.9). Reported adoption levels should
therefore be read as upper bounds (Table 10), and leadership comparisons are underpow‑
ered. Pooling three streams assumes comparability that small‑stream tests cannot confirm
(Section 3.4). Respondents were nested in organizations; multilevel estimation was not
feasible, although an organization‑level bootstrap left the conclusions unchanged.

Scope: The findings describe media professionals in the United Arab Emirates and
should not be generalized to Arabic‑language media systems with different levels of state
investment, infrastructure, or market structure. Recruitment was purposive, and the sam‑
ple was weighted toward experienced practitioners (65.9% with more than ten years), so
descriptive proportions characterize these respondents rather than the sector.

5.7. Future Research and Synthesis

Does readiness precede adoption? The association is observed; its direction is not. A
longitudinal design that tracks newsrooms through the introduction of governance frame‑
works or training would help separate the competing accounts.

Two further questions concern who and where. The digital‑native pattern rests on
51 respondents and would not survive multiplicity correction, so testing it requires a de‑
sign stratified by organizational type. Leaders rated Arabic‑language output poorly at
more than three times the non‑leader rate, a difference that could equally be explained by
greater exposure to failure cases and differing evaluative standards.

Does practitioner assessment correspond to systematic evaluation? Pairing practi‑
tioner ratings with systematic evaluation ofmodel output and testingwhether the compos‑
ite predicts behavioral measures, such as system logs or correction rates, would establish
whether the boundary lies with the technology or with its perception.

Taken together, the findings point to three levels of constraint that are not interchange‑
able. Organizational constraints are the ones institutions can act on: readiness was asso‑
ciated with adoption depth, training provision, and perceived return on AI investment.
Individual constraints operate at the practitioner’s encounter with the tools: perceived
Arabic‑language output quality was associated with perceived personal performance ef‑
fect (ρ = 0.231) but not significantly with readiness. Constraints located in the technology
itself were not measured directly; practitioners’ perceptions of output quality were the
outcome least associated with organizational arrangements.

Interventions aimed at one level should not automatically be expected to relieve con‑
straints at another. On this evidence, readiness was associated with organizational‑level
outcomes; whether governance or training reform affects perceived output quality remains
to be tested.

6. Conclusions
This study asked whether institutional readiness can be measured as a coherent prop‑

erty and how far that property extends across the outcomes that readiness frameworks
explain, with the reported depth of AI integration as context. Among respondents who an‑
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swered the adoption item (n = 183), reported AI integrationwas concentrated at the partial‑
use stage (46.4%), and 12.6% described AI as essential or near‑comprehensive. Among
those answering the relevant items, about two‑thirds reported training as absent or in‑
sufficient (n = 240) and about two‑thirds reported returns as absent or not yet assessable
(n = 192). Readiness was measured as a single, reliable dimension associated with adop‑
tion depth, training provision, perceived return on AI investment, and perceived personal
effect, but not significantly with practitioners’ ratings of Arabic‑language AI output.

The contribution lies in the contrast rather than in either result alone. In these data,
institutional readiness appears to have a bounded explanatory domain: it is more consis‑
tently associated with organizational capabilities and implementation outcomes than with
practitioners’ perceived output quality. Studies that aggregate heterogeneous outcomes
into a composite index may overstate its reach.

These conclusions rest on practitioners’ perceptions gathered from a purposive, ex‑
perienced sample, with outcome items answered by a subset of respondents. Perceived
Arabic‑language output quality was a single general rating, and direct technical perfor‑
mance was not observed. The readiness composite includes one indicator that overlaps
with adoption; however, the sensitivity analysis excluding this indicator produced compa‑
rable results (Section 4.9; Table 11).

Interventions should be matched to the level at which a constraint operates. Gover‑
nance provisions, staff qualifications, cross‑team coordination, and implementation capac‑
ity are arrangements a newsroom can change, and these are the conditions with which
readiness was associated. Perceived Arabic‑language output quality was not significantly
associated with institutional readiness, so the present findings do not support assuming
that greater perceived institutional readiness alone will improve it.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/journalmedia7040212/s1, Supplementary Material S1: Exact and
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by questionnaire stream; Supplementary Material S3: Component loadings, communalities, and
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check—main questionnaire stream only; SupplementaryMaterial S5: Robustness check—alternative
treatment of the undocumented “Good” category; Supplementary Material S6: Robustness check—
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