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Abstract 
Generative artificial intelligence is increasingly used for questioning, data interpretation, experimental planning, and explanation in 
higher education, but most prompt frameworks optimise fluency rather than the integrity of scientific reasoning. This study develops 
EVIDENCE-Prompt, an auditable framework that treats a prompt as an information-governance object linking a learner’s question, 
admissible evidence, model output, and human verification. A secondary-data design re-analysed 25 operational studies retained from 
a 2025 systematic review and added seven post-seed records, yielding 32 studies across biological, medical, engineering, computing, 
social-science, language, and cross-disciplinary settings. Each record was coded for eight components: Epistemic goal; Variables and 
context; Inquiry phase; Data and evidence; Explicit constraints; Neutrality and alternatives; Citation and verification; and Error checking 
and reflection. Descriptive prevalence estimates used Wilson 95% confidence intervals; cross-domain contrasts used Fisher’s exact tests 
with Holm adjustment. Epistemic goals and contextual specification appeared in all records. Explicit constraints and reflective checking 
each appeared in 29/32 studies (90.6%), whereas inquiry-phase alignment and evidence boundaries appeared in 20/32 (62.5%), 
neutrality and alternatives in 18/32 (56.3%), and citation verification in only 9/32 (28.1%). Median framework coverage was 6 of 8 
components (interquartile range 5–7), and only four records operationalised all components. STEM, health, and engineering studies 
more frequently bounded data and operationalised citation verification than other domains, although adjusted subgroup tests were 
exploratory and non-significant. EVIDENCE-Prompt converts these gaps into a reproducible prompt schema, scoring rubric, and 
governance workflow. The accompanying CSV dataset and codebook support independent audit, adaptation, and future model 
benchmarking. 
 
Keywords: generative artificial intelligence; prompt engineering; scientific inquiry; secondary data; information governance; higher 
education; evidence verification; human–AI interaction 

 

1. Introduction 
Large language models (LLMs) have become a general-purpose interface for accessing, transforming, and 
generating information. In higher education, students and educators now use them to formulate questions, 
interpret data, generate code, plan experiments, draft explanations, and obtain feedback. These uses place LLMs 
directly inside the scientific inquiry cycle. The educational issue is therefore no longer limited to whether AI is 
used; it is whether the information system preserves the relations among question, method, evidence, inference, 
uncertainty, and accountability. Reviews of generative AI in education identify substantial opportunities 
alongside hallucination, bias, privacy, integrity, and over-reliance risks [1–2]. 
Prompt engineering is often presented as a technical method for obtaining a better answer. That framing is too 
narrow for scientific learning. A prompt also structures the user’s epistemic intentions: it determines what 
counts as relevant context, which evidence the model may use, whether competing explanations are considered, 
and what must be checked before a conclusion is accepted. Prompt patterns can improve output structure and 
interaction quality [3], but an educationally defensible prompt must also expose the learner’s responsibility for 
evidence selection and verification. This requirement connects prompt engineering to AI literacy, information 
governance, and human–computer interaction rather than to wording optimisation alone [4]. 
This study operationalises the eight-component EVIDENCE framework through a transparent secondary-data 
design. It re-analyses published prompt-engineering evidence, quantifies which epistemic controls are present 
or absent, and derives a cross-disciplinary framework suitable for biological science and engineering contexts. 
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This common ground is important because scientific prompts must handle both domain-specific evidence and 
general information-system controls. 
A recent systematic review identified 33 higher-education studies and concluded that prompt engineering is 
teachable but still lacks a comprehensive, validated taxonomy and consistent assessment methods [5]. 
Subsequent empirical studies have begun to test interventions and student prompt quality [6–7], while 
discipline-specific work in chemistry shows the importance of structured domain knowledge and evidence 
boundaries [8–9]. However, the literature still lacks an audit-oriented framework that joins scientific inquiry, 
source traceability, alternatives, error checking, and institutional governance in one observable schema. 
1.1 Research questions 
RQ1. Which EVIDENCE components are operationalised in the selected higher-education prompt-engineering 
literature, and how frequently do they occur? 
RQ2. How complete are existing approaches when assessed as auditable epistemic scaffolds rather than as 
output-optimisation techniques? 
RQ3. Do STEM, health, and engineering records differ from other higher-education domains in their use of 
evidence boundaries, verification, and inquiry-phase alignment? 
RQ4. How can the observed gaps be converted into a reproducible prompt schema, scoring rubric, and 
information-governance workflow for scientific inquiry? 
1.2 Contributions 
• A study-level secondary dataset and codebook in CSV format, enabling audit and re-analysis. 
• An eight-component operational coding model that distinguishes prompt fluency from epistemic integrity. 
• Quantitative evidence on the under-representation of source verification and competing explanations. 
• A cross-domain prompt architecture linking biological-science inquiry and engineering/computing analysis. 
• Implementation guidance for assessment, prompt logging, model-version control, and human verification. 
 
2. Conceptual Background 
2.1 Scientific inquiry as an information system 
Scientific inquiry is a coordinated process rather than a single answer-producing act. Questions delimit a 
problem; variables and conditions define its scope; methods determine what observations can be generated; 
evidence supports or weakens claims; uncertainty limits inference; and verification permits correction. In an 
AI-supported workflow, each of these elements becomes an information object that can be recorded, exchanged, 
inspected, and revised. A prompt is therefore analogous to an input specification, while the model response is 
an intermediate computational artefact rather than an authoritative conclusion. 
This systems view changes the unit of evaluation. A response may be fluent yet epistemically weak if it silently 
imports unsupported assumptions, fabricates a reference, ignores an alternative mechanism, or fails to 
distinguish observation from interpretation. Conversely, a response with explicit uncertainty and verification 
steps may be more valuable for learning even when it is less polished. Validity consequently concerns the 
inferences supported by the entire prompt–output–verification process, not merely the surface quality of the 
output [10]. 
2.2 Prompt engineering, AI literacy, and assessment 
Prompt-engineering curricula commonly teach role assignment, context, task specification, examples, format 
control, and iteration. These techniques improve usability, but student performance also depends on prior 
knowledge, the ability to assess outputs, and the willingness to reject incorrect advice. Knoth et al. 
operationalised prompt quality through observable components and showed that AI literacy relates to 
prompting strategies [6]. Brief interventions have improved prompt-writing ability and self-efficacy, although 
the available studies remain small and context-dependent [7]. Therefore, assessment should capture both 
prompt construction and downstream verification. 
Information literacy adds a crucial source dimension. The CLEAR framework integrates critical evaluation into 
prompt use [11], and medical and scientific applications increasingly emphasise domain constraints and 
traceable information [12–13]. Nevertheless, citation checking is not consistently operationalised. This 
omission is particularly consequential for scientific inquiry, where fabricated identifiers or unsupported 
numerical claims can contaminate subsequent analysis. 
2.3 EVIDENCE-Prompt architecture 
EVIDENCE-Prompt treats a prompt as an auditable epistemic contract. The learner declares the inquiry goal, 
context, phase, evidence boundary, constraints, alternatives, verification rules, and error-checking obligations. 
The model is asked to expose uncertainty and limitations, while the human retains final responsibility. Figure 1 
summarises the architecture. 
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Figure 1. EVIDENCE-Prompt architecture for auditable scientific inquiry. 

 
Table 1. Operational definitions of the EVIDENCE components. 

Component Guiding question Required prompt element Primary risk addressed 

Epistemic goal What scientific 
question or claim is 
being examined? 

Question, claim type, intended 
reasoning 

Goal ambiguity; answer 
substitution 

Variables and 
context 

What constructs, 
population, units, and 
conditions matter? 

Definitions, boundary 
conditions, prior knowledge 

Context collapse; invalid 
generalisation 

Inquiry phase Which scientific 
practice is being 
performed? 

Questioning, hypothesising, 
designing, analysing, explaining, 
evaluating 

Task mismatch 

Data and 
evidence 

What evidence may be 
used? 

Dataset, observations, sources, 
assumptions, uncertainty 

Hallucination; 
unsupported claims 

Explicit 
constraints 

What limits and output 
rules apply? 

Scope, format, length, safety and 
prohibited actions 

Policy or task non-
compliance 

Neutrality and 
alternatives 

What competing 
explanations or 
counter-evidence exist? 

Alternative hypotheses, bias 
checks, falsification conditions 

Confirmation bias 

Citation and 
verification 

How will claims be 
traced and checked? 

Claim-level sources, 
DOI/identifier checks, source-
quality rules 

Fabricated or non-
traceable references 

Error checking 
and reflection 

How will mistakes and 
limitations be 
detected? 

Recalculation, contradiction 
checks, uncertainty, human 
review 

Automation bias; 
overconfidence 
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3. Materials and Methods 
3.1 Study design 
This study used a structured secondary-data re-analysis with a targeted evidence update. It was designed as an 
original data article rather than a narrative review: the unit of analysis was the study record, the variables were 
explicit prompt components, and all derived results were calculated from the accompanying CSV file. Reporting 
was informed by transparent review and thematic-synthesis principles [14–15], but the study is intentionally 
described as an evidence map because the update was targeted rather than a de novo exhaustive database 
review. 
3.2 Corpus construction 
The 2025 systematic review by Lee and Palmer served as the seed source because it documented 33 papers 
directly concerned with teaching or operationalising prompt engineering in higher education [5]. From this seed 
set, 25 records were retained when they provided at least one of the following: (a) an explicit prompt structure 
or framework; (b) an observable prompt-quality or output-quality variable; (c) a benchmark, prototype, 
classroom, or administrative application; or (d) an iterative procedure that could be coded against EVIDENCE. 
Broad commentary with no operational element was not retained. 
A targeted update searched publisher pages, ERIC-indexed material, and institutional repositories for records 
published after the seed review’s search period and available through 15 July 2026. The search combined 
“prompt engineering” with “higher education”, “university”, “student”, “scientific inquiry”, “chemistry”, 
“engineering”, “AI literacy”, “assessment”, and “intervention”. Seven additional records met the same eligibility 
criteria: chemistry education, undergraduate intervention, domain-knowledge prompting in chemistry and 
bioinformatics, a university-course framework, a business-analytics quasi-experiment, an EFL intervention, and 
an engineering/statistics prompt-performance study [7–9,16–19]. The final corpus contained 32 records: 25 
seed records and seven targeted-update records. 
The retained seed records included higher-education administration, learning analytics, medical education, 
assessment, writing, social-science methods, field science, information retrieval, software patterns, and 
chemistry applications [3,6,11–13,20–39]. 

 
Figure 2. Seed-and-update workflow used to construct the secondary dataset. 

 
3.3 Data extraction and coding 
Each row captured bibliographic information, disciplinary domain, design, empirical status, sample or data 
description when available, source identifier, and eight binary EVIDENCE indicators. A component was coded 1 
only when the available source description operationalised the element in a prompt, workflow, assessment rule, 
or benchmark. General discussion without an observable implementation was coded 0. This conservative 
explicit-presence rule reduces interpretive inflation and makes every code auditable against the source note. 
The coding unit was the published approach, not every prompt instance. For example, “Data and evidence” 
required a bounded dataset, observations, domain knowledge, examples, or admissible source set; merely 
mentioning accuracy was insufficient. “Citation and verification” required source attribution, identifier 
checking, or claim traceability; a generic instruction to be accurate was insufficient. “Error checking and 
reflection” included explicit iteration, correction, recalculation, limitation analysis, or reflective review. The 
codebook supplied with the CSV provides the complete operational definitions. 
A coverage score was calculated as the sum of the eight binary indicators, ranging from 0 to 8. Records were 
also grouped as STEM/health/engineering or other higher-education domains. This broad grouping was chosen 
to examine the shared domain of the authors—biological science and engineering—without implying that all 
non-STEM fields are homogeneous. 
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3.4 Statistical analysis 
Frequencies and percentages describe component prevalence. Wilson 95% confidence intervals were calculated 
for each proportion. The coverage score is summarised by median and interquartile range because the scale is 
bounded and the corpus is purposive. Fisher’s exact tests explored whether STEM/health/engineering records 
more often operationalised inquiry phase, data and evidence, neutrality and alternatives, citation and 
verification, and error checking. Holm adjustment controlled the family-wise error rate across the five 
exploratory comparisons [40]. Results are interpreted descriptively; the corpus does not support causal 
inference or population-level prevalence claims. 
3.5 Reproducibility, ethics, and AI-assisted workflow 
The study used publicly available bibliographic and secondary research information and did not process 
identifiable participant-level data. The dataset, source URLs, feature codes, and codebook are provided as 
supplementary CSV files. Generative AI-assisted tools were used for preliminary bibliographic extraction, 
rulebook implementation, statistical scripting, figure generation, and language editing. The human authors 
retain responsibility for verifying every source record, code, analysis, interpretation, and citation before 
submission. This disclosure is consistent with the framework’s core principle that AI output is an intermediate 
artefact subject to human audit. 
 

4. Results 
4.1 Corpus profile 
The final dataset contained 32 records. Twenty-four were empirical, benchmark, prototype, case, or 
intervention records, while eight were conceptual, tutorial, or framework contributions. Ten records were 
classified as STEM/health/engineering and 22 as other higher-education domains. The corpus deliberately 
spans both scientific and educational information-system applications rather than treating prompt engineering 
as a single-discipline technique. 

 
Table 2. Profile of the secondary evidence corpus. 

Corpus characteristic n Interpretation 

Total records 32 Study-level secondary observations 

Seed-review records 25 Operational records retained from the 2025 review 

Targeted-update records 7 Post-seed studies or frameworks 

Empirical/benchmark/case 
records 

24 Included observable data or implementation evidence 

Conceptual/tutorial/framew
ork records 

8 Provided operational structures without original outcome data 

STEM/health/engineering 
records 

10 Biology, chemistry, medicine, engineering, computing, statistics, 
or field science 

Other higher-education 
domains 

22 Cross-disciplinary, administration, language, humanities, 
assessment, and learning design 

 
4.2 Prevalence of EVIDENCE components 
Epistemic goal and variables/context were present in all records, indicating strong agreement that effective 
prompts require a defined task and relevant context. Explicit constraints and error checking/reflection were 
each present in 29 records (90.6%). Inquiry-phase alignment and data/evidence boundaries were less common, 
each appearing in 20 records (62.5%). Neutrality and alternatives appeared in 18 records (56.3%). Citation and 
verification was the least frequent component, appearing in only 9 records (28.1%). 

Table 3. Prevalence of EVIDENCE components in the 32-record corpus. 

EVIDENCE component Records Prevalence Wilson 95% CI 

Epistemic goal 32/32 100.0% 89.3–100.0% 

Variables and context 32/32 100.0% 89.3–100.0% 

Inquiry phase 20/32 62.5% 45.3–77.1% 
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EVIDENCE component Records Prevalence Wilson 95% CI 

Data and evidence 20/32 62.5% 45.3–77.1% 

Explicit constraints 29/32 90.6% 75.8–96.8% 

Neutrality and alternatives 18/32 56.2% 39.3–71.8% 

Citation and verification 9/32 28.1% 15.6–45.4% 

Error checking and reflection 29/32 90.6% 75.8–96.8% 

 

 
Figure 3. Component prevalence with Wilson 95% confidence intervals. 

 
4.3 Completeness and co-occurrence 
The median coverage score was 6 of 8 components (interquartile range 5–7; range 3–8). Thirteen records 
operationalised at least seven components, but only 4 operationalised all eight. Only 7 records combined 
neutrality/alternatives with citation/verification. This co-occurrence is important because an alternative 
explanation is not useful if its supporting evidence cannot be traced, and a cited answer can still be biased if 
competing mechanisms are excluded. 
The most common architecture was “goal + context + constraints + iteration”. This architecture is effective for 
usability but incomplete for scientific inquiry because it can improve response conformity without requiring a 
bounded evidence base or source audit. The least common architecture was “alternatives + source verification 
+ error audit”, which represents the strongest protection against confirmation bias and fabricated authority. 
4.4 Cross-domain comparison 
STEM/health/engineering records more frequently operationalised inquiry-phase alignment and 
data/evidence boundaries (9/10, 90.0%) than other-domain records (11/22, 50.0%). Citation and verification 
was present in 6/10 STEM/health/engineering records (60.0%) and 3/22 other-domain records (13.6%). The 
corresponding unadjusted Fisher tests were p = 0.050 for inquiry phase, p = 0.050 for data/evidence, and p = 
0.013 for citation/verification. None remained significant after Holm adjustment, reflecting the small purposive 
sample. These patterns should therefore be treated as design signals rather than confirmatory domain effects. 

Table 4. Exploratory cross-domain comparison of selected components. 

Component 
STEM/health/engineerin
g (n=10) 

Other domains (n=22) Fisher p Holm p 

Inquiry phase 9/10 (90.0%) 11/22 (50.0%) 0.050 0.199 

Data and evidence 9/10 (90.0%) 11/22 (50.0%) 0.050 0.199 
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Component 
STEM/health/engineerin
g (n=10) 

Other domains (n=22) Fisher p Holm p 

Neutrality and 
alternatives 

6/10 (60.0%) 12/22 (54.5%) 1.000 1.000 

Citation and 
verification 

6/10 (60.0%) 3/22 (13.6%) 0.013 0.063 

Error checking and 
reflection 

9/10 (90.0%) 20/22 (90.9%) 1.000 1.000 

 
4.5 Derived EVIDENCE-Prompt schema 
The secondary-data gaps were converted into a prompt schema that makes every component observable. The 
template is modular: users may shorten it for low-risk tasks, but high-stakes scientific work should retain all 
eight fields. The template deliberately avoids a generic role instruction as its organising principle. Instead, it 
starts with the epistemic claim and evidence boundary, because these determine whether the resulting output 
is scientifically auditable. 
Box 1. Generic EVIDENCE-Prompt template. 

[EPISTEMIC GOAL] Examine the following scientific question or claim: ____. The required reasoning is 
____ and the decision or conclusion to be supported is ____ . 
[VARIABLES AND CONTEXT] Define the population/system, variables, units, boundary conditions, 
prior knowledge, and disciplinary assumptions: ____ . 
[INQUIRY PHASE] This task concerns: questioning / hypothesising / designing / analysing / 
explaining / evaluating. Do not silently move to another phase. 
[DATA AND EVIDENCE] Use only the following data, observations, or verified sources: ____ . Separate 
observations, assumptions, calculations, and external knowledge. 
[EXPLICIT CONSTRAINTS] Do not invent data, quotations, citations, measurements, or experimental 
results. Follow this scope, format, safety rule, and citation style: ____ . 
[NEUTRALITY AND ALTERNATIVES] Present at least two plausible explanations or designs, relevant 
counter-evidence, and conditions that would weaken each option. 
[CITATION AND VERIFICATION] Attach a traceable source to each externally checkable claim. Verify 
DOI/PMID/accession identifiers and label any unverified item. 
[ERROR CHECKING AND REFLECTION] Recheck calculations and units; identify contradictions, 
uncertainty, limitations, likely hallucinations, and the human checks required before acceptance. 

 
4.6 Cross-disciplinary scientific exemplars 
Table 5 demonstrates the common thematic ground between biological science and engineering. The examples 
use the same eight controls while changing the domain evidence, units, and failure modes. They are not model 
outputs or experimental results; they are implementation exemplars derived from the secondary synthesis. 
 

Table 5. Cross-disciplinary implementation exemplars for biological science and engineering. 

Domain Epistemic goal Variables/context 
Evidence 
boundary 

Alternatives and 
verification 

Biological 
science 

Interpret a cell-
viability dose–
response dataset 
for a plant extract 

Cell line, concentration 
(µg/mL), exposure time, 
controls, replicate 
structure, viability assay 

Raw anonymised 
measurements and 
verified assay 
protocol only 

Compare cytotoxicity, 
assay interference, and 
batch effects; require 
DOI checks and prohibit 
invented IC50 values 

Engineering 
/ IoT 

Diagnose elevated 
indoor CO₂ and 
particulate matter 
from multi-zone 
sensor logs 

Sensor model, 
calibration, units, 
timestamps, occupancy, 
ventilation state, 
missingness 

Uploaded time-
series data, 
calibration records, 
and cited 
standards only 

Compare occupancy, 
ventilation, outdoor 
infiltration, and sensor 
drift; recalculate 
exceedances and flag 
unverified thresholds 
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5. Discussion 
5.1 Principal findings 
This secondary-data study shows that the prompt-engineering literature has converged on goal definition, 
context, constraints, and iterative improvement. These are necessary but not sufficient conditions for scientific 
inquiry. The weakest component was citation and verification, present in fewer than one third of records. This 
gap is consequential because scientific claims often enter a workflow through references, identifiers, numerical 
thresholds, or extracted data. Without traceability, a polished output cannot be reliably audited. 
The second gap concerns the joint use of alternatives and verification. Just seven records combined both. 
Scientific reasoning requires more than checking whether a preferred explanation is supported; it requires 
considering what else could explain the observations and what evidence would discriminate among 
alternatives. EVIDENCE-Prompt therefore treats neutrality as an operational field rather than a general ethical 
aspiration. 
The median coverage score of six indicates that the literature already contains most of the building blocks. The 
contribution of EVIDENCE-Prompt is not to claim that each element is new in isolation. Its novelty is 
architectural: it arranges the elements as an auditable information chain and makes missing controls visible. 
This distinguishes it from frameworks intended primarily to improve relevance, persona, style, or output 
format. 
5.2 Contribution to computer information systems and industrial management 
The framework fits computer information systems because it specifies data provenance, input constraints, 
model metadata, output traceability, and human review. A university can implement it as a lightweight 
governance layer around general-purpose LLMs: prompt templates become controlled input forms; model and 
date are logged; citations and identifiers are checked; and the final human revision is retained. This creates an 
auditable record suitable for quality assurance, curriculum management, research governance, and regulated 
industrial training. 
For industrial management, the framework supports decisions in which AI-generated recommendations must 
be connected to operational evidence. Examples include quality control, sensor analytics, workforce 
classification, maintenance planning, and laboratory process design. The corpus already contains applications 
in statistical process control, learning analytics, job classification, chemistry text mining, and field-course design 
[23,31,35–36,39]. EVIDENCE-Prompt provides a common governance vocabulary across these contexts. 
5.3 Educational and assessment implications 
Teaching should move beyond handing students a template. Learners need worked examples showing why each 
field changes the validity of an answer, including deliberately flawed outputs with plausible prose, incorrect 
units, fabricated citations, and omitted alternatives. Prompt assessment should be paired with an evidence log 
and a revision statement. A high score should require not only a detailed prompt but also evidence that the 
learner checked the output and changed the final explanation when necessary. 
A practical rubric can assign 0 = absent, 1 = present but generic, and 2 = specific and auditable for each 
EVIDENCE component, producing a 0–16 prompt-quality score. Separate outcome criteria should assess factual 
accuracy, claim–evidence alignment, uncertainty calibration, source traceability, and correction of model errors. 
This separation prevents a well-structured prompt from receiving full credit when the learner accepts an 
incorrect answer. 
Biological-science teaching should emphasise experimental controls, units, assay limitations, and the distinction 
between observed association and mechanism. Engineering teaching should emphasise calibration, data 
quality, boundary conditions, reproducible calculations, and standards. The shared EVIDENCE structure allows 
interdisciplinary instruction while preserving these domain-specific requirements. 
5.4 Governance and implementation requirements 
• Prompt and output logging: retain the exact prompt, model name/version, access date, uploaded evidence, 
output, and final human revision. 
• Data protection: prohibit confidential, identifiable, proprietary, or ethically restricted data in unapproved 
systems. 
• Source integrity: require users to open cited sources and verify persistent identifiers rather than accepting 
generated reference strings. 
• Assessment design: grade question quality, evidence use, alternatives, verification, and revision—not only the 
final prose. 
• Model change control: repeat benchmark tasks after major model updates and record configuration changes. 
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• Equity: provide institutionally supported access or equivalent non-AI pathways so assessment does not 
reward paid-tool advantage. 
• Human accountability: state explicitly that the learner, researcher, or decision maker remains responsible for 
methods, calculations, interpretation, and citations. 
5.5 Limitations 
First, the targeted update was not a fully exhaustive database search, so the dataset should be interpreted as a 
structured evidence map rather than a prevalence estimate for all prompt-engineering research. Second, codes 
were based on explicit information available in source descriptions and publications; a study may have 
implemented an element without reporting it. Third, binary indicators simplify differences in depth and quality. 
The proposed 0–2 rubric should be tested in future work. Fourth, the cross-domain comparison used broad 
groups and small cells; adjusted results were non-significant. Fifth, model behaviour changes over time, so any 
prompt framework requires version-controlled benchmarking. Finally, this study evaluates reported prompt 
architectures, not direct student learning or model accuracy. Controlled multi-model and classroom validation 
remain necessary. 
5.6 Future validation agenda 
A next-stage validation should separate three claims. Content validity should be evaluated by experts in science 
education, biology, engineering, AI/NLP, assessment, and research governance. Technical utility should be 
tested by running matched minimal, conventional, and EVIDENCE prompts across multiple LLM families and 
repeated trials. Educational effectiveness should be assessed through a controlled pretest–posttest design in 
which students submit a question, prompt log, model output, verification record, revised explanation, and 
human-contribution statement. Outcome measures should include scientific reasoning, evidence traceability, 
critical-error rate, calibrated reliance, cognitive load, and transfer to an unfamiliar inquiry task. Instrument 
development should follow established guidance for observable constructs and validity evidence [41]. 
 

6. Conclusions 
EVIDENCE-Prompt reframes prompt engineering as an auditable information-system process for scientific 
inquiry. A secondary re-analysis of 32 higher-education records found strong coverage of goals, context, 
constraints, and iteration, but substantially weaker operationalisation of source verification and competing 
explanations. The framework addresses these gaps through eight observable fields that connect the scientific 
question, admissible evidence, model response, and human review. Its cross-disciplinary structure supports 
both biological-science and engineering applications while preserving domain-specific data and validation 
requirements. The accompanying CSV dataset and codebook make the evidence map reproducible. EVIDENCE-
Prompt should now be tested through expert content validation, multi-model benchmarking, and controlled 
classroom studies before claims of educational effectiveness are made. 
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