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Abstract. Artificial intelligence (Al) tools are changing how research is de-
signed, analysed and written, yet little is known about how prepared universities
in Afghanistan are to use them. This study examines perceived opportunities,
challenges, infrastructure, data quality and privacy concerns around Al tools
among 300 students, lecturers and researchers at Samangan University, and how
these perceptions relate to readiness for big-data analytics. A cross-sectional self-
report survey used a five-point Likert instrument covering seven constructs;
74.7% of respondents were students. Data were analysed with descriptive statis-
tics, group comparisons, correlations and multiple regression. Perceptions sat
close to the scale midpoint on every construct (means 2.96-3.06), and 75.3% of
respondents fell in the moderate band of a descriptive readiness index. Respond-
ents who had attended Al or data-analysis training reported higher statistical
competence (3.12 vs 2.86, p = .003); overall readiness did not differ significantly
(p=.057). These comparisons are observational and unadjusted. In the regression
model, perceived opportunities, statistical competence, infrastructure and data
quality were positively associated with perceived analytical effectiveness, while
perceived challenges were negatively associated with it (R? = .455). The results
describe perceptions, not objective performance or causal effects, and should not
be generalised beyond this student-dominated, single-institution sample.

Keywords: Artificial Intelligence, Big Data Analytics, Higher Education, Re-
search Readiness, Samangan University

1 Introduction

Over the last few years, artificial intelligence (Al) tools have moved out of specialist
laboratories and into everyday academic work. Researchers now use them to search the
literature, clean and analyse data, draft text and even suggest hypotheses [1], [2]. Large
language models in particular have put these capabilities within reach of anyone with
an internet connection, and that has set off a lively debate about quality, authorship and
trust in scientific work [3], [4].
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The opportunities are easy to list. Al tools can shorten the time spent on routine
tasks, support writers who work in a second language, and let small teams handle da-
tasets that once needed a large group [2], [5]. Reviews of research in higher education
describe similar expectations, together with growing use by both students and academic
staff [6], [7]. The risks are just as well documented. Language models can produce
fluent text that is simply wrong [8], they can reproduce biases from their training data
[9], and they raise uncomfortable questions about academic integrity and about what
researchers really understand when a tool does the analysis for them [10], [11]. Con-
cerns about privacy and responsible data handling run through most national and insti-
tutional ethics guidelines [12], [13].

Most of this evidence comes from well-resourced systems. Evidence from universi-
ties where connectivity is unstable, software licences are expensive and formal training
is limited is much thinner. In those settings, whether Al tools help or hinder research
probably depends less on the tools than on whether people have the skills, the data and
the infrastructure to use them well. Students’ own accounts point in the same direction:
they see benefits, but they also worry about over-reliance and accuracy [14]. Technol-
ogy acceptance research has long argued that perceived usefulness and ease of use
shape adoption [15], and that organisational support decides whether good intentions
turn into actual use [16].

Evidence on Al readiness in universities usually comes from self-report question-
naires. Such instruments capture what respondents believe about their own skills and
about Al tools. That is informative about attitudes and perceived readiness, but it is not
a direct measure of analytical accuracy, research productivity or the quality of scientific
output, and the present study should be read in that light.

This study looks at Samangan University in northern Afghanistan, where, to our
knowledge, little published evidence exists on how members of the university view Al
tools in research. The practical problem is that decisions about training and investment
are being made without local data on perceived opportunities, challenges and readiness.
Three questions guide the work. First, how do students, lecturers and researchers per-
ceive the opportunities and challenges of Al tools in research, and how ready are they
for big-data analytics? Second, how does readiness vary by age, role, education, expe-
rience or training? All respondents in this sample were male, so gender differences
could not be assessed. Third, which factors are associated with perceived analytical
effectiveness when Al tools are used? Drawing on the literature above, we expected
opportunity perceptions, statistical competence, infrastructure and data quality to be
positively associated with perceived analytical effectiveness, and perceived challenges
and privacy concern to be negatively associated with it. The purpose of the article is to
describe these patterns of perception and to give university leaders perception-based
evidence they can consider when planning training and infrastructure.
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2 Methods

2.1  Design and participants

We used a cross-sectional quantitative survey. The final sample contained 300 respond-
ents from Samangan University: 224 students, 51 lecturers and 25 researchers or other
research staff. The available manuscript does not document the target-population frame,
eligibility criteria, recruitment method, sampling procedure, survey dates or administra-
tion mode, nor the numbers invited, responding or excluded. These details cannot be
reconstructed reliably from the final sample size alone and should be reported from the
original fieldwork records if available. The manuscript also contains no record of the
consent procedure, confidentiality arrangements, institutional authorisation or ethics
approval. Accordingly, no approval number or undocumented procedure is asserted
here; the authors should verify these details against the original records before submis-
sion.

Students made up 74.7% of the respondents, so the findings mainly reflect student
perceptions. The questionnaire recorded respondents’ research experience and prior
big-data experience (Section 2.2), but the analyses reported here do not condition on
these characteristics or on whether students had completed a research-methods course,
a thesis or a research project, or had used Al tools in research. The manuscript does not
provide the operational eligibility criteria used for student participants or the frequency
distribution of the research-experience variable by respondent role. Although research
experience is listed as a questionnaire variable, its observed values and coding are not
supplied in the materials available for this revision. These distributions therefore cannot
be reported without the original respondent-level data. The analyses remain unadjusted
for research experience, completion of research-methods courses or projects, and prior
use of Al tools in research. No claim is made that the sample is statistically representa-
tive of the university’s research community, and student perceptions are not treated as
evidence of institutional research readiness.

2.2 Instrument and scoring

The questionnaire had two parts. The first collected background information: gender,
age, role, education level, research experience, prior experience with big data, and
whether the respondent had attended any training in Al or data analysis. The second
part contained 35 statements rated on a five-point Likert scale (1 = strongly disagree, 5
= strongly agree). These statements measured seven constructs: statistical competence
(5 items), perceived opportunities of Al tools (6 items), perceived challenges (6 items),
infrastructure support (5 items), data quality (4 items), privacy and security concern (4
items) and perceived analytical effectiveness when using Al tools (5 items), a self-re-
ported judgement of how effectively respondents can analyse data with Al tools. Each
construct score is the mean of its items, so it ranges from 1 to 5. A higher score means
more of the construct; for challenges and privacy, a higher score therefore means
greater concern.
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Table A1 (Appendix A) lists the constructs, item counts and scoring direction. Per-
ceived analytical effectiveness is a self-report measure; it does not directly measure
analytical accuracy, research productivity, task performance or the quality of scientific
output. Cronbach’s alpha is an index of internal consistency and does not, by itself,
establish construct validity [17]. The materials available for this revision do not identify
whether the questionnaire items were newly written or adapted, provide the original
item wordings or source instruments, or document expert review, translation, pilot test-
ing, revisions, reliability coefficients calculated from item-level responses, or factor
analysis. The original 35 item wordings and instrument-development records must be
checked and supplied by the authors. Because these records and original item-level data
were not provided, construct-specific Cronbach’s alpha values and factor-analytic re-
sults cannot be calculated or claimed here. The seven constructs are therefore treated
as theoretically defined scales, without a claim that their empirical distinctness has been
established. Until such evidence is reported, the seven constructs are treated as theoret-
ically defined scales and are not claimed to be empirically distinct.

2.3 Readiness index and cut-offs

Big-data analytics readiness was summarised as a composite index calculated from the
construct scores. Respondents were placed in three bands: low (index up to 2.33), mod-
erate (2.34 to 3.67) and high (above 3.67). The index is treated here as a descriptive
composite, not as a validated scale. The cut-offs coincide with dividing the 1-5 range
into three equal intervals (1 + 4/3 = 2.33; 1 + 8/3 = 3.67). The bands are therefore
descriptive, have not been validated against Al skills, tool use or research performance,
and are not diagnostic or institutional readiness classifications; group comparisons of
the index use its continuous scores (Table 3). Challenges and privacy/security concern
are barriers rather than enablers, so how they enter the index must be stated explicitly.
The exact readiness-index formula used for the reported results is not documented in
the supplied manuscript. In particular, the available materials do not establish which
constructs were included, the weighting and averaging procedure, the treatment of
missing responses, or whether challenges and privacy/security concern were reverse-
scored. The cut-offs correspond to three equal intervals of a 1-5 scale (1 +4/3 =2.33;
1 + 8/3 = 3.67), but the materials do not establish whether these cut-offs were fixed
before analysis. Until the original analysis syntax or calculation records are checked,
the reported readiness-index results should be regarded as provisional; the index and
all results based on it must be recalculated from the original data if the implemented
formula cannot be verified.

2.4  Data analysis

Analyses were run in Python 3 (pandas, SciPy and Matplotlib). We first described the
sample and each construct with frequencies, means and standard deviations. Group dif-
ferences in readiness were tested with Welch’s #-test (two groups) and one-way
ANOVA (three or more groups); the link between training and readiness band was

2326 This is an openaccess article under CC-BY-SA license



Journal of Science and Education (JSE)

Vol 7, Issue 1, September 2026, Pages 2323-2339
ISSN: 2745-5351 (Media Online)

DOI: https://doi.org/10.58905/jse.v7i1.862

tested with a chi-square test. Associations among constructs were examined with Pear-
son correlations. Finally, an ordinary least squares regression took perceived analytical
effectiveness as the dependent variable and the other six constructs as predictors; vari-
ance inflation factors (VIF) were checked for multicollinearity. Linearity, residual-ver-
sus-fitted patterns, residual normality, independence of errors and influential observa-
tions are not reported in this version. Analyses were reported as having been run in
Python 3 using pandas, SciPy and Matplotlib. Descriptive statistics, Welch’s t-tests,
one-way ANOVA, a chi-square test, Pearson correlations and an ordinary least squares
regression were used as described above. The manuscript reports VIF values of 1.23—
1.39 and tolerance values of 0.72—0.81. However, the supplied materials do not include
the original respondent-level dataset, analysis script, residual plots, studentised residu-
als, Cook’s distances, leverage values, heteroscedasticity test or robust-standard-error
output. These diagnostics and confidence intervals cannot be truthfully reported as
completed without rerunning the analyses on the original data. The reported model
summary is R? = 455, adjusted R? = .444, F(6, 293) = 40.80, p <.001, with N = 300; it
should be verified against the original output before publication. The significance level
was set at .05 throughout, without adjustment for the number of comparisons, so the
subgroup results are exploratory.

Two design features limit what the analyses can show. First, the comparison by train-
ing status is observational: respondents were not assigned to training, and no covariate-
adjusted estimate is reported here. Second, all constructs were measured with one self-
report questionnaire completed by the same respondents at one time, so common-
method variance and related response biases are possible [18]; no procedural or statis-
tical remedy was applied, and a single-factor test, were it used, would not prove their
absence. The readiness index is not entered in the regression, and correlations that in-
volve the index are not interpreted as independent evidence because the index is built
from the construct scores. The available materials do not establish whether the original
item-level dataset contains complete usable measures for age, role, education, research
experience, prior big-data experience and training status, or whether a covariate-ad-
justed training comparison was computed. No adjusted model is therefore added. The
training comparisons are interpreted as unadjusted and observational; any adjusted
model, confidence intervals and diagnostics should be produced only after confirming
the relevant variables and rerunning the analysis on the original data.

3 Results

3.1 Sample characteristics

Table 1 and Fig. 1 describe the 300 respondents. Men made up 64.0% of the sample
and women 36.0%. The mean age was 34.5 years (SD = 9.8, range 18-50). Students
were the largest group (74.7%), followed by lecturers (17.0%) and researchers or re-
search staff (8.3%). About four in ten respondents (42.0%) said they had attended some
form of Al or data-analysis training. Because three quarters of respondents are students,
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overall means are dominated by student responses; role-specific readiness scores are

given in Table 3.
Table 1. Characteristics of the respondents (N = 300)
Characteristic Category n %
Gender Male 300 100.0
Age group (years) 18-24 55 18.3
25-34 93 31.0
3544 90 30.0
45-50 62 20.7
Role Student 224 74.7
Lecturer 51 17.0
Researcher / staff 25 8.3
Education level (coded 1-4) 1 97 323
2 134 44.7
3 45 15.0
4 24 8.0
Prior big-data experience (coded 1 95 31.7
1-4)
100 333
3 78 26.0
4 27 9.0
Al / data-analysis training Attended 126 42.0
Not attended 174 58.0

Note. Education level and prior big-data experience are shown with their original numeric codes.
Education level and prior big-data experience are shown using their original numeric codes be-
cause the category labels and codebook were not included in the materials available for this re-
vision. The authors should insert the exact labels from the original questionnaire/codebook and
verify that the same coding was used in the ANOVAs before submission; labels have not been
inferred or invented.

(a) Age group ~ (b) Role

93

90

80

60

Respondents

40

20
25

18-24 25-34 35-44 45-50 Students Lecturers Research staff

Fig. 1. Respondents by age group and role.
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3.2  Perceptions across the seven constructs

Table 2 and Fig. 2 show a strikingly even picture. Every construct had a mean close to
the midpoint of the scale, from 2.96 for data quality to 3.06 for perceived opportunities.
Perceived challenges (M = 3.01) were rated about as high as perceived opportunities,
which suggests that respondents see both sides of Al at the same time rather than lean-
ing clearly toward enthusiasm or alarm. The readiness index averaged 2.98 (SD = 0.56)
and ranged from 1.42 to 4.69.

Table 2. Descriptive statistics for the study constructs (scale 1-5)

Construct Items M SD Min Max
Statistical competence 5 2.97 0.78 1.00 5.00
Perceived opportunities 6 3.06 0.71 1.17 4.83
Perceived challenges 6 3.01 0.75 1.00 5.00
Infrastructure support 5 2.99 0.74 1.00 5.00
Data quality 4 2.96 0.78 1.00 5.00
Privacy/security concern 4 2.98 0.78 1.00 5.00
Perceived analytical effectiveness 5 3.02 0.73 1.20 5.00
Big-data readiness index (descriptive - 2.98 0.56 1.42 4.69

composite)

Note. For challenges and privacy/security, higher scores indicate greater concern.

Statistical competence
Perceived opportunities
Perceived challenges
Infrastructure support
Data quality
Privacy/security concern

Perceived analytical effectiveness

Big-data readiness index

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Mean score (1-5), bars show SD

Fig. 2. Mean scores (+ 1 SD) for each construct. The dashed line marks the scale midpoint. The
figure was re-plotted from the values in Table 2 to carry the label ‘perceived analytical effec-
tiveness’.

3.3 Readiness levels

Most respondents fell in the middle band (Fig. 3a): 226 (75.3%) were classed as mod-
erately ready, 38 (12.7%) as low and 36 (12.0%) as high. These bands are descriptive
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(Section 2.3). Respondents who had attended training were more often in the high band
and less often in the low band (Fig. 3b). Among those who had attended training, 16.7%
were in the high band and 7.1% in the low band; among those who had not, the figures
were 8.6% and 16.7%. This pattern was statistically significant, y*(2) = 9.20, p =.010,
Cramér’s V' = .18, although the effect is small.

(a) Readiness level (b) By training
226 (75.3%)

No training

Training

Respondents

% within group
N W o U o N
o O © O o © o
P

38 (12.7%) 36 (12.0%)

Low Moderate High Low Moderate High

Fig. 3. Distribution of readiness levels (a) and readiness level by training status (b).

3.4 Differences between groups

Table 3 and Fig. 4 compare the readiness index across respondent characteristics. Be-
cause all respondents were male, gender differences could not be examined. Readiness
did not differ significantly by role or education level, and it was unrelated to age (r =
.06, p =.317). Training showed a modest advantage that fell just short of the conven-
tional threshold (3.06 vs 2.93; Cohen’s d = 0.22). The more telling differences appeared
in the separate constructs. Respondents who had attended training reported higher sta-
tistical competence (3.12 vs 2.86, t(280.6) = 2.97, p = .003) and slightly higher per-
ceived opportunities (3.16 vs 2.99, 1(276.5) = 2.02, p = .044), but did not differ in per-
ceived challenges (p = .524). These training comparisons are observational. Respond-
ents were not assigned to training, and those who attended may already have differed
in confidence, experience or motivation (self-selection), so the differences are descrip-
tive and are not estimates of the effect of training. Statistical competence also rose with
prior big-data experience, from 2.81 at the lowest level to 3.43 at the highest, F(3, 296)
=4.69, p=.003. Perceived opportunities varied by role, with researchers highest (3.27),
students in the middle (3.08) and lecturers lowest (2.88), but this difference was bor-
derline, F(2, 297) =2.98, p = .052, and the researcher group contains only 25 people.
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Table 3. Big-data readiness index by respondent characteristics

Factor Group n M SD  Test

Training No training 174 293 057 1#275.1)=1.91,p=.057
Training 126  3.06 0.55

Role Student 224 297 057 F(2,297)=1.00,p=.371
Lecturer 51 299 0.52
Researcher / 25 3.13 0.56
staff

Education level 1 97 299 0.59 F(3,296)=0.08, p=.972
2 134 297 0.54
3 45  3.01 0.59
4 24 3.00 0.54

Prior big-data ex- 1 95 294 0.55 F(3,296)=2.11,p=.099

perience
100 295 0.62
3 78  3.00 0.46
4 27 323 057

Note. Welch’s t-test was used for two groups and one-way ANOVA for three or more groups.
Degrees of freedom for Welch tests are approximate. The index is a descriptive composite; edu-
cation level and big-data experience are shown with their original numeric codes (see the note to
Table 1). Comparisons are unadjusted.

(a) Training (b) Role
] e T | e

4.0 k

3.5 4 1

1 f g | H

2.5 A

2.0 A 1

Big-data readiness score

1.5 I

T T T T T
No training Training Students Lecturers Researchers

Fig. 4. Readiness index by training status (a) and by role (b). Boxes show the interquartile
range and the line marks the median.

3.5 Relationships among constructs

Table 4 and Fig. 5 present the correlations. Statistical competence and perceived op-
portunities were moderately related (» = .46), and both were positively related to infra-
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structure support and data quality. Perceived challenges moved in the opposite direc-
tion: they correlated negatively with infrastructure (» = —.31), data quality (» = —.29)
and perceived analytical effectiveness (» = —.27), and positively with privacy concern
(r = .43). Perceived analytical effectiveness was most strongly related to perceived op-
portunities (» =.57) and statistical competence (» = .50). The readiness index correlated
strongly with several constructs, but because it is built from them, these coefficients
partly reflect how the index was constructed and should not be read as independent
findings. This applies in particular to its correlation with perceived analytical effective-
ness (r =.77), which would be mathematically coupled if that construct is among the
index components. The correlations among the seven constructs come from one self-
report questionnaire and may be inflated by shared method variance [18].

Table 4. Pearson correlations among the study constructs (N = 300)

Construct 1 2 3 4 5 6 7
1. Stat. competence -

2. Opportunities A46%* -

3. Challenges -12% 0 LT -

4. Infrastructure J35%x 0 36%* 31 -

5. Data quality 2%k 3Pk 0%k 4% -

6. Privacy concern -.09 -.11 A43%%F - 19%F - 16%* -

7. Perceived analytical SOFk - ST7RER L7k 4%k 3O -.15% -
eff.

8. Readiness index (com-  .74%*  57%* . 33%k - g3Ek 7wk DOk JTE*
posite; coupled with 1-7)

Note. One asterisk denotes p < .05 and two asterisks denote p <.01.
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1.00
Stat. comp. 0.12 035 032 -0.09 | 0.50
0.75
Opportunities - 0- 0.36 031 -0.11
- 0.50
Challenges - -0.12 0. 0.29 043 027 -0.33
F0.25
Infrastructure 4 0.35 036 -0.19 | 0.42 RVK]
I 0.00
Data quality 4 032 031 -0.29 0.39 Ml
F—0.25
Privacy 4 -0.09 -0.
F —0.50
Analytical eff. 4 0.
-0.75
Readiness
-1.00

S o o & 4 & S
o°&Q & i e,“q@ o@‘ éy\' 'x‘ﬁo «a\é’ '«?Q;j
& &}x 0% ¢ *00 Qg"bb
BN ¢ LA &
& & 9

Fig. 5. Correlation matrix of the study constructs. Where the figure labels a row or column ‘an-
alytical effectiveness’, it refers to perceived analytical effectiveness.

3.6  Predictors of perceived analytical effectiveness

The regression model was significant and accounted for 45.5% of the variance in per-
ceived analytical effectiveness (adjusted R? = .444), F(6, 293) = 40.80, p <.001 (Table
5, Fig. 6). VIF values ranged from 1.23 to 1.39 (tolerance 0.72 to 0.81), so multicollin-
earity was not a concern. Perceived opportunities had the largest standardised coeffi-
cient (B =.36), followed by statistical competence (B =.25). Infrastructure support ( =
.13) and data quality (f = .11) each made a smaller but significant contribution, and
perceived challenges were negatively associated with perceived effectiveness (f =
—.11). Privacy and security concern showed no independent association (f = .01, p =
.890). These are associations among self-reported perceptions from one cross-sectional
questionnaire; they are not causal effects, and the model does not include the readiness
index. Residual and influence diagnostics beyond VIF are not reported (Section 2.4).

Table 5. Multiple regression predicting perceived analytical effectiveness

Predictor B SE B t p
(Constant) .80 28 - 2.89 .004
Statistical competence 23 .05 25 4.88 <.001
Perceived opportunities 37 .05 .36 7.11 <.001
Perceived challenges -.11 .05 -.11 -2.18 .030
Infrastructure support 13 .05 13 2.53 .012
Data quality 1 .05 A1 2.28 .023
Privacy/security concern .01 .05 .01 0.14 .890
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Note. R*> = .455; adjusted R* = .444; F(6, 293) = 40.80, p <.001. B = unstandardised coefficient;
[ = standardised coefficient.

Statistical competence - ——
Opportunities - ——

Challenges | F——@—

Infrastructure ——
Data quality 4 ——
Privacy concern - ——
T T T T
-0.2 0.0 0.2 0.4

Standardised coefficient (95% CI)

Fig. 6. Standardised regression coefficients with 95% confidence intervals. Any outcome label
in this figure refers to perceived analytical effectiveness.

4 Discussion

The most noticeable result is how evenly respondents sit around the middle of the scale.
They neither embrace Al tools in research nor reject them, and they rate the benefits
and the difficulties about equally. That fits a community in the early stages of adoption,
where experience is uneven and opinions are still forming, and it echoes the mixed
picture painted by wider discussions of generative Al in research [19]. It may also partly
reflect a tendency to choose central answers on Likert scales, so we would not push the
interpretation too far. Because three quarters of respondents are students, this picture
mainly describes student perceptions; it is not evidence of the research readiness of the
university as an institution.

Training stands out as the one background factor associated with higher self-reported
statistical competence. Trained respondents rated their statistical competence higher
and were about twice as likely to be in the high readiness band, which matches the view
that Al use pays off mostly for people who already have the skills to judge its output
[5], [11]. We should be careful, however. The design is cross-sectional, so we cannot
say that training produced the difference; people who sign up for training may have
been more confident or more experienced to begin with. The training effect on the over-
all readiness index was small and just missed significance, so the evidence is suggestive
rather than conclusive. The comparison is also unadjusted for age, role, education or
prior experience. Methods such as multivariable adjustment or propensity-score analy-
sis [20] could be applied to the item-level data, provided the groups overlap enough
and the assumptions can be checked, but they would still address only observed covari-
ates and could not rule out self-selection on unmeasured traits.
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Age, education and role were not clearly related to the readiness index in this sample.
Because all respondents were male, the study cannot estimate or compare gender dif-
ferences. This should be read cautiously: the researcher group is small, the study was
not designed to detect small differences, and the data cannot show whether access and
skills, rather than demographic background, are the levers for change. The slightly
higher opportunity ratings among researchers and the lower ones among lecturers are
worth watching, but the researcher group is small and the difference was borderline.

The regression results line up with technology acceptance research. Perceiving Al
tools as useful was the strongest correlate of perceived effective use [15], and the con-
tribution of infrastructure support is consistent with the argument that organisational
conditions shape whether intentions turn into practice [16]. The independent role of
data quality fits the emphasis on well-managed, findable and reusable data in current
research data principles [21]. The weak and non-significant role of privacy concern
deserves a cautious reading. It is strongly correlated with perceived challenges (= .43),
so its effect may simply be absorbed by that broader construct; it is also possible that
respondents with limited hands-on experience have not yet run into the practical con-
sequences of privacy problems. Our data cannot separate these explanations. The model
explains 45.5% of the variance in the outcome, which leaves most of the variation un-
explained by these constructs, and the coefficients are statistically significant without
necessarily being practically large.

The outcome is perceived analytical effectiveness, not measured performance. Re-
spondents’ ratings do not show that Al tools raised analytical accuracy, productivity or
the quality of scientific output, and the conclusions are restricted to perceptions. The
associations may also be inflated by shared method variance, since predictors and out-
come come from the same respondents in one questionnaire [18], and the correlations
that involve the readiness index are partly built into its construction. Internal-con-
sistency and factor-analytic evidence for the seven constructs is not yet reported (Sec-
tion 2.2).

Several practical implications follow, with the caution that none was tested here.
Universities that want to benefit from Al tools in research may wish to consider short,
hands-on training in statistics and data handling and steady investment in connectivity
and data management, but these data do not show that either would change research
practice or outcomes. Policy matters too. Guidance on acceptable Al use in research
writing is needed [22], [23], and institutions should be careful about relying on auto-
mated Al-text detectors to enforce it, because such detectors have been shown to mis-
classify the writing of non-native English speakers [24].

The study has limitations. It covers one institution, relies on self-reported percep-
tions rather than observed behaviour, and is cross-sectional. The readiness index over-
laps with several of the constructs it is compared with, the researcher subgroup is small
(n = 25), and the analysis used construct scores rather than item-level models. In addi-
tion, 74.7% of respondents were students; the sampling procedure, response rate and
eligibility criteria are not documented in this version; the questionnaire has no reported
validation evidence; the readiness categories are descriptive; training status was self-
selected and unadjusted; common-method variance was not assessed; residual diagnos-
tics beyond VIF are not reported; and many subgroup tests were run at the .05 level
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without adjustment. Future work could follow respondents over time, add interviews to
explain the midpoint pattern, compare several Afghan universities, validate the instru-
ment and the index with item-level data, include objective measures of analytical per-
formance, and test whether training changes research practice.

5 Conclusions and Suggestions

Members of Samangan University who responded to the survey see both promise and
difficulty in Al tools for research, and most fell in the moderate band of a descriptive
readiness index. Readiness did not differ clearly by age, role or education; because all
respondents were male, gender differences could not be assessed, but training and prior
big-data experience were associated with higher statistical competence, and perceived
opportunities, statistical competence, infrastructure and data quality were each associ-
ated with higher perceived analytical effectiveness, while perceived challenges were
associated with lower perceived effectiveness. These findings answer the three research
questions for this sample: perceptions are balanced, background characteristics showed
little relation to readiness, and skills, infrastructure and a favourable view of Al go
together with perceived effective use. Because the sample is dominated by students, the
design is cross-sectional and all measures are self-reported, these findings describe per-
ceptions and associations; they do not show objective performance, institutional readi-
ness or causal effects.

As options consistent with these perceptions, rather than recommendations proven
by the data, we suggest that the university consider (1) offering practical training in
statistics and Al-assisted analysis to students and staff, (2) investing in reliable connec-
tivity and basic research data management, and (3) publishing clear guidance on re-
sponsible Al use. Researchers should test these suggestions with longitudinal or inter-
ventional designs and objective performance measures, since the present data cannot
show cause and effect.

Appendix A. Measurement structure
Table Al lists the seven constructs, the number of items and the scoring direction re-

ported in this manuscript. Item codes, wordings and sources are not available in the
manuscript and must be supplied by the authors from the original questionnaire.
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Table Al. Constructs and items of the questionnaire (35 items, five-point Likert scale)

Construct Items Scoring direction Item codes and  Source / adapta-
wording tion

Statistical compe- 5 Higher = more com- [to be supplied] [to be supplied]

tence petence

Perceived opportu- 6 Higher = more per-  [to be supplied] [to be supplied]

nities ceived opportunity

Perceived chal- 6 Higher = greater [to be supplied] [to be supplied]

lenges concern (barrier)

Infrastructure sup- 5 Higher = more sup-  [to be supplied] [to be supplied]

port port

Data quality 4 Higher = better data  [to be supplied] [to be supplied]
quality

Privacy and security 4 Higher = greater [to be supplied] [to be supplied]

concern concern (barrier)

Perceived analytical 5 Higher = higher [to be supplied] [to be supplied]

effectiveness

self-rated effective-

ness

Note. Scoring direction for ‘data quality” and ‘infrastructure support’ is inferred from the con-
struct names and the Methods text (‘a higher score means more of the construct’); the authors
should confirm it against the item wording.
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