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Abstract
SAS log review is a foundational quality-control activity in statistical programming. 
Deterministic tools can reliably search for predefined strings such as ERROR, WARNING, 
uninitialized variables, conversion messages, and selected significant NOTEs, but they do not 
generally determine what a finding means in the context of a specific program. This study 
evaluated whether large language models (LLMs) can serve as first-pass reviewers that detect 
findings, explain likely causes, estimate severity, describe downstream impact, and 
recommend corrective action. A 15-case SAS Enterprise Guide-style benchmark was 
constructed from non-sensitive SASHELP data; 13 cases remained eligible for blinded 
analysis after two cases were excluded following gold-standard exposure. ChatGPT received 
180 of 182 possible points (98.9%), with no critical misses or false-reassurance penalties; its 
only deductions were severity underclassification for two silent analytic cases. A Claude 
Sonnet 5 observation set independently reinforced the central finding that consequential 
problems may appear only as NOTEs or produce no SAS diagnostic, and it correctly 
characterized 12 of the 13 eligible scenarios at the primary-condition level. However, Claude 
classified an incorrect U.S.-unit BMI calculation as a clean control, demonstrating that fluent, 
largely accurate review can still produce consequential false reassurance. These findings 
support LLM review as an additional quality-control layer, not a replacement for 
programmer validation.
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1. Introduction
A successful SAS program does not necessarily produce a clean or trustworthy result. A 
program may complete execution and create an output dataset, table, listing, figure, or report 
while the SAS log contains warnings, data-conversion messages, uninitialized variables, 
merge conditions, generated missing values, invalid data, or other signals that deserve 
investigation. For this reason, log review remains one of the most basic and important 
quality-control practices in SAS programming.

The difficulty is scale. Modern analytical workflows may generate hundreds or thousands of 
lines of log output for a single program and many individual logs across a project. Repeated 
production runs, macro-driven workflows, batch processing, and multi-program deliverables 
increase the amount of material a programmer must review. Watson (2017) described the 
manual review of hundreds of program logs as a process that can take hours and is 
vulnerable to accidental oversight. Hope (2004) similarly noted that visual review can miss 
subtle messages, particularly when large volumes of code and log output are involved.

The SAS community has responded to this problem for more than two decades. Published 
solutions have automated searches for known problematic messages, summarized findings 



across multiple logs, distinguished selected significant notes from routine notes, supported 
clinical-programming validation, and even scheduled recurring scans with issue tracking and 
email notification. These systems address an important question: can software reliably find 
known warning signs in a SAS log?

Generative AI raises a different question: can a system interpret a SAS log the way an 
experienced programmer does? A useful reviewer must do more than identify the word 
WARNING. It should determine why the warning occurred, whether it is benign or 
consequential in the current context, what data or output may be affected, how urgently the 
issue should be addressed, and what the programmer should investigate next.

This paper develops a structured framework for evaluating that capability. The goal is not to 
position AI as a substitute for programmer review. Rather, the study asks whether an LLM 
can provide a useful first-pass assessment that helps programmers focus attention, reduce 
repetitive review effort, and identify issues that might otherwise be overlooked.

2. Background and Prior Work

2.1 Manual Log Review and the Case for Automation
The rationale for automated log review predates generative AI by decades. Li and Troxell 
(2001) described a macro for reporting problematic SAS log messages in a production 
environment, establishing an early pattern in which the log itself becomes a machine-
readable quality-control artifact. Instead of requiring a programmer to visually scan every 
line, the program searches for predefined messages and surfaces findings for review.

Hope (2004), in a WUSS paper focused on automatic detection of SAS log problems, made the 
quality-control argument particularly clear. ERROR and WARNING messages may be visually 
obvious, but subtler conditions such as division by zero or uninitialized variables can be 
overlooked. Hope classified log findings by their implications and emphasized that 
apparently minor WARNING or NOTE messages can still produce incorrect results. The 
automated program improved the completeness of review and produced documentation 
supporting validation, while explicitly remaining only one component of a broader quality-
control process.

2.2 Scaling Automated Log Checking
Watson (2017) presented CHECKLOGS, a mature implementation of deterministic log 
checking. The macro can inspect all logs in a directory, selected logs, or files matching 
naming conventions and then report whether unwanted messages were found. Target 
messages include ERROR, WARNING, UNINITIALIZED, many-to-many merge indicators, 
value-conversion messages, generated missing values, invalid data, and format-width 
concerns. Importantly, Watson also recognized that the meaning of a flagged message 
depends on project and client requirements. Some messages may be harmless in a particular 
context, while other clients may require completely clean logs.



This observation identifies a boundary that remains important for AI-assisted review. A 
deterministic checker can identify a known string with high consistency, but the decision 
about whether that string represents an actual problem may require contextual knowledge 
about the program, data, specifications, standard operating procedures, and expected output.

2.3 Interactive and Context-Oriented Review
Rezai (2018) introduced ANALOG, an interactive browser-based SAS log checker designed to 
make multi-thousand-line logs easier to interpret. ANALOG summarizes log messages, 
colorizes categories, allows users to toggle message types, and supports click-through to 
relevant source lines. It also distinguishes selected significant NOTEs, such as uninitialized 
variables, from routine notes and can extract information about program inputs, outputs, 
procedures, and macros. This represents an important evolution from simple message 
scanning toward tools that help a human reviewer understand the structure and significance 
of a log.

Berenbrinck (2019) approached the problem from the programmer's perspective rather than 
through an automated checker. The paper walks through common SAS errors, warnings, and 
notes, explaining why they occur and how they can be corrected. This human-centered 
interpretive process provides a useful conceptual model for the present study: identify the 
message, understand the underlying condition, determine its consequence, and select an 
appropriate corrective action.

2.4 Clinical Programming, Validation, and Contemporary Automation
The importance of log review is amplified in regulated clinical-programming environments. 
Viel (2023) placed log checking alongside PROC COMPARE and directory-level validation in 
workflows supporting analysis datasets and tables, listings, and figures. A moderate clinical 
project may include dozens of ADaM datasets and hundreds of TFLs, making manual review 
cumbersome. Viel argued that programmatic review can improve completeness, 
repeatability, and audit readiness while retaining human oversight.

Recent work demonstrates that deterministic approaches remain relevant. Yu (2025) 
described a macro that discovers SAS log files, checks them for common issues, and 
aggregates findings. Chen et al. (2025) described “AI Search LOG,” a scheduled workflow that 
scans team-defined keywords, records findings and owner information in Excel, and emails 
programmers when their logs contain issues. Despite its title, the described implementation 
is not an LLM-based semantic reviewer; it is a deterministic keyword-search and notification 
workflow. This distinction is important because it separates automation of the review 
process from AI-based interpretation of the content.

2.5 Research Gap
The prior literature has largely established that software can find known SAS log 
signals at scale. What remains less studied is whether a generative AI system can interpret 
those signals with programmer-like contextual judgment. The reviewed automated 
approaches generally do not formally evaluate root-cause reasoning, severity prioritization, 



downstream impact, remediation quality, false-positive escalation, or agreement with an 
experienced programmer gold standard.

Accordingly, the present study shifts the unit of evaluation from the presence of a search 
string to the quality of an interpretation. The question is no longer only whether a warning 
can be found. The question is whether an AI reviewer can explain what the warning means, 
why it matters, and what should happen next.

3. Study Objectives and Research Questions
The primary objective is to evaluate the usefulness and accuracy of LLMs as first-pass 
reviewers of SAS programming logs.

3.1 Primary Research Question
How accurately and usefully can large language models interpret SAS log findings as first-
pass reviewers compared with experienced SAS programmer assessments?

3.2 Secondary Research Questions
 Can LLMs reliably identify important ERROR, WARNING, NOTE, data-quality, and 

performance-related signals?
 Can LLMs distinguish benign or expected messages from findings that could affect 

analytic validity or output integrity?
 How accurately can LLMs explain the likely root cause of a log finding?
 How appropriately can LLMs classify severity and recommend remediation?
 Do models differ in performance across common versus context-dependent log scenarios?
 What types of log findings are most likely to produce false reassurance, false-positive 

escalation, or technically plausible but incorrect explanations?
 Can AI output improve the efficiency or clarity of human log review without weakening 

programmer accountability?

4. Methods
This section describes the evaluation framework applied to ChatGPT and the comparative 
Claude Sonnet 5 observation set. The same 13 eligible scenarios underlie both artifacts, but 
only the ChatGPT responses were preserved in the standardized A–E format required for 
direct 14-point rubric scoring.

4.1 Study Design
A curated 15-case benchmark was constructed from SAS Enterprise Guide-style logs using 
SASHELP.BMT and SASHELP.HEART demonstration data. Each case contained echoed SAS 
code and relevant ERROR, WARNING, NOTE, macro, procedure, and timing messages. The 
standardized prompt required an execution verdict, issue-level evidence and classification, 
severity, root cause, downstream impact, corrective action, confidence, output usability, 



additional validation, and a concise QC summary. Model responses were compared with a 
prespecified programmer-defined gold standard.

The evaluation framework is also informed by Grant’s AI-Assisted Deductive Qualitative 
Analysis Protocol, which emphasizes prespecified analytic structure, explicit quality 
standards, model-to-human comparison, human review of AI outputs, and verification of 
performance for each new project type (Grant, 2026). Although the present study evaluates 
programming-log interpretation rather than interview coding, these principles provide a 
useful methodological precedent for treating AI output as an analyzable product that 
requires structured validation rather than accepting fluent output at face value.

4.2 SAS Log Corpus
The benchmark corpus contains 15 de-identified demonstration scenarios and no 
proprietary, confidential, or protected health information. It includes two clean controls, 
explicit execution failures, significant NOTE and data-integrity conditions, macro-resolution 
failures, merge and sorting problems, an efficiency-related Cartesian join, and silent analytic-
logic risks detectable from echoed code. The preliminary ChatGPT score uses 13 
independently blinded cases. CASE08 (division by zero) and CASE13 (unresolved outcome 
macro variable) were recovered after the gold-standard crosswalk had been viewed and 
were therefore excluded from the blinded preliminary denominator.

The benchmark scenarios include:

 Clean survival-analysis and descriptive-statistics controls.
 Execution-stopping missing-variable and syntax errors.
 Unresolved macro-variable failures.
 Invalid explicit and automatic character-to-numeric conversions.
 Generated missing values from division by zero or uninitialized variables.
 Many-to-many DATA-step merge behavior with repeated BY values.
 Improper BY-variable ordering and incomplete output risk.
 An unoptimized Cartesian product with material row multiplication.
 Silent analytic-logic risks involving censoring definitions and BMI units.

4.3 Large Language Models
Two general-purpose LLM interfaces were examined in August 2026. ChatGPT was evaluated 
in the current Work Mode session on August 25, 2026; the interface did not expose an exact 
public model-version identifier. Claude Sonnet 5 (Anthropic) was accessed through the 
Claude app in August 2026 and returned a structured narrative observation document 
covering LOG_A01–A15 except A08 and A13. Model names, access conditions, and dates were 
retained exactly as available in the interfaces and reviewer artifact.

4.4 Standardized Prompting Procedure
ChatGPT cases were submitted sequentially using the standardized instruction and required 
A–E response structure reproduced in Appendix B. Because the cases were reviewed within a 
continuous working session, possible context carryover is a limitation. The Claude artifact 



summarized the same 13 scenarios by SAS-native severity, actual severity, failure category, 
root cause, and reviewer implication, but did not preserve case-level responses in the 
standardized A–E format. Accordingly, ChatGPT was scored quantitatively, whereas Claude 
was analyzed as a scenario-level qualitative comparison.

The standardized ChatGPT response structure included:

 Detected issue(s).
 Message type/category.
 Severity or priority.
 Likely root cause.
 Potential downstream impact.
 Recommended remediation or investigation.
 Confidence/uncertainty and whether human escalation is recommended.

4.5 Programmer Gold Standard
Each case received a programmer-defined gold-standard assessment describing the expected 
execution verdict, primary finding, classification, severity, output usability, root cause, 
downstream impact, and corrective action. A 15-case scoring workbook preserves the gold 
standard and case-level adjudication. The current ChatGPT scores are preliminary because 
rubric application was performed within the same AI-assisted working process and has not 
yet received independent programmer adjudication. An additional experienced SAS 
programmer or adjudicator should review all or a representative subset of cases before the 
results are treated as final.

4.6 Evaluation Domains
Evaluation domain Working definition
Issue detection Whether the model identifies the relevant log finding.

Classification

Whether the finding is appropriately categorized (for 
example ERROR, WARNING, significant NOTE, data-
quality issue, performance concern, or benign 
informational content).

Severity prioritization
Whether urgency and potential impact are judged 
appropriately in context.

Root-cause explanation
Whether the model correctly explains the likely 
programming or data condition that generated the 
message.

Downstream impact
Whether the model correctly describes potential effects on 
datasets, analyses, outputs, reproducibility, or execution.

Remediation
Whether the recommended next step is technically 
appropriate and sufficiently specific.

False-positive control
Whether the model avoids escalating benign or expected 
findings.

Usefulness
Whether the response would help a programmer review 
the log more efficiently or effectively.

Uncertainty / escalation
Whether the model appropriately acknowledges 
ambiguity and recommends human review when 
warranted.



4.7 Scoring Framework
The operational rubric assigns up to 14 points per case: issue detection (0–2), execution 
verdict (0–2), classification (0–1), severity calibration (0–2), root-cause explanation (0–2), 
downstream-impact assessment (0–2), corrective action (0–2), and uncertainty discipline (0–
1). A two-point false-reassurance penalty applies when a response affirmatively accepts 
materially invalid output or dismisses a consequential finding. Critical misses are tracked 
separately when a Critical case receives less than full issue-detection credit.

Particular attention will be paid to high-risk discordance: cases in which a model confidently 
labels a consequential issue as benign, provides an incorrect technical explanation, or 
recommends a change that could introduce a new error.

4.8 Planned Analysis
The analysis reports the number of eligible blinded cases, ChatGPT adjusted points and 
percentage, critical misses, false-reassurance penalties, and case-level deductions. Claude 
results are reported as primary-condition agreement and representative disagreements 
rather than as a 14-point total because the supplied artifact was not generated in the directly 
comparable scoring format. Cross-model synthesis focuses on explicit-signal cases, NOTE-
only data-integrity cases, zero-signal semantic cases, clean controls, and the consequences of 
disagreement.

4.9 Data Privacy and Responsible Use
No confidential production logs should be submitted to public generative-AI systems without 
appropriate organizational approval and data-governance controls. The study corpus will 
therefore use de-identified, synthetic, or otherwise approved material. The paper will 
distinguish evaluation of model capability from authorization to deploy a model in a 
regulated or proprietary environment.

5. Results
UPDATED RESULTS: The findings below report the scored ChatGPT run and the available 
Claude Sonnet 5 comparative observations. Quantitative scores are presented only for the 
standardized ChatGPT responses; Claude findings are explicitly identified as qualitative 
because the returned artifact did not preserve the full A–E response structure required by 
the rubric.

5.1 Corpus Characteristics
The full benchmark contains 15 cases. Thirteen cases were independently blinded during the 
initial ChatGPT run and were eligible for preliminary scoring. The eligible set included two 
clean controls and 11 consequential scenarios spanning explicit execution failures, macro 
problems, data-conversion conditions, generated missing values, merge and sorting behavior, 
a Cartesian join, and silent analytic-logic risks. CASE08 and CASE13 were excluded because 
their logs were recovered only after exposure to the gold-standard crosswalk.



5.2 Overall Model Performance
Across the 13 eligible cases, ChatGPT received 180 of 182 possible points (98.9%). It received 
full issue-detection credit for every eligible case, including all Critical cases, and generated no 
false-reassurance penalties. No Critical case met the prespecified critical-miss definition. 
Eleven cases received 14 of 14 points; CASE07 and CASE15 each received 13 of 14 points 
because severity was classified as Major rather than the gold-standard Critical level.

Table 2. ChatGPT performance on independently blinded SAS log cases.

Metric ChatGPT result

Full benchmark corpus 15 cases

Eligible independently blinded cases 13 cases

Adjusted score 180 / 182

Percentage of possible points 98.9%

Cases with full issue-detection credit 13 / 13

Critical misses 0

False-reassurance penalties 0

Cases with severity-calibration deduction 2

5.3 Performance by Log Scenario
ChatGPT performed strongly on explicit SAS diagnostics, including missing variables, 
unresolved macro references, invalid conversions, uninitialized variables, repeated BY 
values, and improper sort order. It also detected the two eligible zero-diagnostic analytic-
logic scenarios: reversed censoring in PROC LIFETEST (A07) and an incorrect BMI calculation 
for pounds and inches (A15). Claude likewise identified the explicit failures, the NOTE-only 
silent-data-loss cluster (A05, A06, A09, and A12), the many-to-many merge risk (A10), the 
Cartesian product (A14), and the reversed censoring definition (A07). This pattern supports a 
central severity-inversion finding: the most consequential conditions were not necessarily 
associated with the loudest SAS log keywords.

5.4 False Positives and False Reassurance
ChatGPT did not incorrectly escalate either true clean control (A01 and A02), dismissed no 
eligible consequential case as benign, and received no false-reassurance penalty. Claude also 
treated A01 and A02 as clean, but classified A15 as a third clean control and described 
`Weight / Height**2` as a valid BMI derivation. SAS documentation of SASHELP.HEART 
examples describes Weight in pounds and Height in inches (Watts and Derby, 2014); the 
corresponding U.S.-unit BMI formula requires multiplication by approximately 703. Omitting 
that factor materially mis-scales BMI. Claude’s A15 assessment therefore represents an 
apparent consequential false-negative/false-reassurance event in the qualitative comparison.



5.5 Model-to-Model Differences
The two model artifacts agreed on the primary condition in 12 of 13 eligible scenarios, 
including all explicit ERROR/WARNING cases, the NOTE-only silent-data-loss cases, the many-
to-many merge warning, the Cartesian product, and the zero-diagnostic censoring error. The 
substantive disagreement occurred in A15: ChatGPT detected the incorrect BMI units but 
underclassified severity, whereas Claude declared the result clean. Because Claude’s output 
format differed from the prespecified rubric, this 12-of-13 agreement is a descriptive 
scenario-level comparison and not a directly comparable performance score.

Table 3. Cross-model comparison on featured eligible cases.

Scenario(s
) ChatGPT Claude Sonnet 5 

observations Interpretation

A03–A04, 
A11

Correctly identified 
explicit failures and 
causal chain

Correctly characterized 
explicit failures and causal 
chain

Strong agreement where SAS emitted 
ERROR/WARNING signals

A05–A06, 
A09, A12

Detected NOTE-only 
data loss

Identified silent 
conversion/uninitialized-
variable cluster

Both went beyond keyword severity

A07
Detected reversed 
censoring; severity rated 
Major

Detected reversed censoring 
as high-severity silent error

Both used semantic information despite a 
clean log

A10, A14 Flagged merge and 
Cartesian-product risks

Flagged both and 
emphasized validation/intent

Agreement on context-dependent data-
integrity and efficiency risks

A15
Detected incorrect BMI 
units; severity rated 
Major

Classified `Weight / 
Height**2` as valid and clean

Material disagreement; apparent Claude false 
reassurance

5.6 Representative Cases
A04 illustrates causal reasoning beyond keyword extraction: both model artifacts traced the 
downstream syntax error to the unresolved macro variable rather than treating the syntax 
message as the root cause. A05, A06, A09, and A12 show why NOTE-only conditions can be 
more consequential than their native log severity suggests, because each can produce 
extensive or complete derived-variable loss. A07 is a ceiling case with no SAS diagnostic; both 
models recognized the inverted event/censoring definition from echoed code and established 
dataset semantics. A15 provides the most important model contrast: ChatGPT detected the 
silent unit error, while Claude confidently accepted the formula, demonstrating why model 
agreement cannot substitute for programmer validation.

6. Discussion
The central premise of this study is that automated detection and contextual interpretation 
are related but distinct tasks. Traditional log-checking utilities are highly valuable because 
they are deterministic, transparent, inexpensive to run, and easy to integrate into established 
workflows. An LLM should not be considered an improvement merely because it can 
rediscover the same ERROR or WARNING strings.



The potential value of generative AI lies in the layer after detection. A programmer 
encountering a warning does not simply ask whether the warning exists. The programmer 
asks whether it is expected, what generated it, whether the output can still be trusted, 
whether the issue affects one record or an entire analysis, and how the code should be 
corrected. Natural-language models are specifically designed to synthesize contextual 
information and generate explanations, making this interpretive layer a plausible use case.

However, fluency creates its own quality-control risk. A deterministic scanner may be 
limited, but its behavior is generally predictable. An LLM can produce a confident and 
technically plausible explanation that is nevertheless wrong. Consequently, the most 
important model failure may not be a missed keyword; it may be false reassurance. A first-
pass AI reviewer that incorrectly tells a programmer that a consequential warning is 
harmless could weaken rather than strengthen quality control.

For this reason, the study evaluates multiple dimensions separately. Detection accuracy 
alone cannot establish usefulness. Root-cause accuracy, severity calibration, remediation 
quality, false-positive control, and appropriate uncertainty are all necessary to understand 
whether an AI reviewer adds value.

The updated findings support this multidimensional approach. ChatGPT identified the 
primary issue in every eligible case and provided useful root-cause, impact, and remediation 
language, including for silent code-level risks. Claude’s observations independently 
reinforced the severity-inversion pattern and agreed on 12 of 13 primary scenario 
classifications. Yet the models failed differently on A15: ChatGPT found the BMI defect but 
rated it below the gold-standard severity, while Claude accepted the formula as valid. 
Detection, prioritization, and false-reassurance risk therefore remain separate performance 
dimensions.

ChatGPT’s absence of critical misses or false reassurance is relevant to safe augmentation, 
but the Claude A15 disagreement shows why a strong aggregate pattern cannot establish 
reliability. The comparison is especially instructive because Claude’s narrative was 
technically fluent and correct across most cases; the isolated confident error could be easy 
for a hurried reviewer to accept. The appropriate conclusion is an initial capability signal 
that warrants independent adjudication, standardized cross-model replication, and human 
sign-off—not autonomous acceptance.

6.1 Augmentation, Not Replacement
The prior SAS literature repeatedly treats automated log checking as an aid to human 
validation rather than a replacement for it. The same principle should govern generative AI. 
A practical AI-assisted workflow could place an LLM between log generation and final 
programmer sign-off: SAS program execution produces the log; an AI system performs a 
structured first-pass review; the programmer validates the AI assessment and investigates 
flagged issues; and the programmer remains responsible for the final quality-control 
decision.



This workflow preserves accountability while potentially shifting programmer time away 
from repetitive scanning and toward higher-value interpretation. Whether that efficiency 
benefit is realized is an empirical question and should ultimately be evaluated alongside 
technical accuracy.

6.2 Implications for Clinical and Regulated Programming
Clinical programming is a particularly important environment for this distinction because 
clean-log expectations, validation procedures, standard operating procedures, and 
submission readiness create formal quality requirements. AI-assisted review could 
potentially help prioritize large volumes of log output, but any deployment would require 
validated procedures, approved data handling, reproducible model access, change control, 
auditability, and explicit human oversight.

The present study should therefore be interpreted as an evaluation of capability, not as 
evidence that public LLM interfaces should receive proprietary clinical-study logs or that AI-
generated assessments can replace regulated validation activities.

6.3 What Success Would Look Like
A successful AI log reviewer does not need to be infallible to be useful. It should reliably 
identify consequential findings, provide technically accurate explanations, prioritize issues 
sensibly, recommend reasonable next steps, and recognize when available context is 
insufficient. Most importantly, it should make the human review process better without 
encouraging automation bias.

7. Limitations
 LLM behavior may change over time as providers update models, interfaces, and system 

prompts.
 Results from synthetic or curated log scenarios may not fully represent the complexity of 

long production logs.
 A programmer-defined gold standard can itself contain subjective judgments, especially 

for severity and acceptable warnings.
 Model performance may depend on how much surrounding code and log context is 

supplied.
 Different organizations apply different clean-log standards, SOPs, and risk tolerances.
 The study may not capture the security, privacy, validation, cost, latency, or governance 

constraints of enterprise deployment.
 General-purpose LLM performance may differ from performance in future SAS-specific 

or organization-tuned models.
 If the number of test cases is modest, inferential comparisons between models should be 

interpreted cautiously.



 The ChatGPT score is based on 13 eligible cases; A08 and A13 were excluded after gold-
standard exposure, reducing the denominator and leaving those scenarios untested in 
both reported artifacts.

 ChatGPT rubric application occurred within the same AI-assisted working process that 
generated the responses. Independent programmer adjudication is required before the 
quantitative score is treated as a definitive performance estimate.

 The ChatGPT interface did not expose an exact public model-version identifier; Claude 
was identified as Sonnet 5 in the supplied artifact. Unequal version documentation limits 
reproducibility.

 Cases were reviewed sequentially in a continuous session, so context carryover may have 
influenced later responses.

 Claude’s artifact was a synthesized observation document rather than the standardized A
–E case responses; its 12-of-13 scenario agreement is therefore descriptive and cannot be 
compared numerically with ChatGPT’s 180/182 score.

8. Future Research
 Expand the benchmark corpus to include larger, messier, real-world logs under approved 

governance.
 Compare LLM review against deterministic log checkers rather than only against human 

ratings.
 Evaluate whether retrieval of SAS documentation or organization-specific standards 

improves interpretation.
 Test human-plus-AI review against human-only review for time, missed findings, and 

reviewer confidence.
 Study calibration: whether model confidence corresponds to actual correctness.
 Evaluate reproducibility across repeated runs and across model/version changes.
 Develop standardized SAS log-review benchmark cases that can be reused by the 

programming community.
 Explore local or enterprise-hosted models for environments where sensitive logs cannot 

be transmitted externally.
 Investigate whether structured AI output can be integrated into existing QC trackers, 

batch workflows, or validated review systems.

9. Conclusion
SAS programmers have spent decades improving the efficiency and consistency of log 
review. The progression from visual inspection to keyword-based macros, multi-log reports, 
interactive log checkers, validation utilities, and scheduled alerting demonstrates that the 
problem is both persistent and important. These tools answer the question of whether known 
signals can be found efficiently.



Generative AI creates an opportunity to examine the interpretive layer of log review. 
ChatGPT accurately explained explicit SAS failures and detected silent analytic risks, scoring 
180 of 182 points across 13 eligible blinded cases. Claude Sonnet 5 observations agreed on the 
primary condition in 12 cases and independently highlighted the mismatch between native 
SAS message severity and actual analytic consequence. However, Claude’s confident 
acceptance of the incorrect A15 BMI formula, together with ChatGPT’s two severity 
underclassifications, shows that high apparent performance does not eliminate 
consequential model-specific error.

The future of SAS log review is therefore unlikely to be a choice between programmers 
and automation. A more useful question is whether programmers can combine 
deterministic checks, generative AI, and human judgment in a way that produces faster, 
more consistent, and more defensible quality control.

If a warning falls in a SAS log and nobody reads it, the program may still run. The question is 
whether anyone—or anything—understands what happened.
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Appendix A. Working Evaluation Form
Field Entry / score

Case ID

Expected execution verdict

Expected primary finding

Gold-standard severity

Model / version / access date

Issue detection 0 / 1 / 2

Execution verdict 0 / 1 / 2

Classification 0 / 1

Severity calibration 0 / 1 / 2

Root cause 0 / 1 / 2

Downstream impact 0 / 1 / 2

Corrective action 0 / 1 / 2

Uncertainty discipline 0 / 1

False-reassurance penalty 0 or -2

Adjusted total 0–14

Critical miss? Yes / No

Reviewer notes

Appendix B. Standardized Model Prompt
ROLE — You are conducting an independent quality-control review of a SAS Enterprise Guide 
log. Review the complete log, including echoed SAS code and all ERROR, WARNING, NOTE, 
macro, and procedure messages.

INSTRUCTIONS

1. Use only evidence contained in the supplied log and generally established SAS 
programming knowledge.

2. Do not assume that successful execution or a log without ERROR messages proves that the 
analysis is logically or clinically correct.



3. Do not invent missing code, data values, business rules, or output results.

4. If the available evidence is insufficient, state exactly what additional information would be 
required.

5. Distinguish execution failure, data-integrity risk, analytic-logic risk, efficiency concerns, 
and benign informational messages.

6. Prioritize the issues that could invalidate or materially alter downstream results.

REQUIRED RESPONSE FORMAT

A. EXECUTION VERDICT — Choose exactly one: Completed without identified concern; 
Completed with concern(s); Failed or stopped because of errors; or Indeterminate from 
available evidence.

B. IDENTIFIED ISSUES — For each issue provide evidence, classification, severity, root cause, 
potential downstream impact, recommended corrective action, and confidence. If no issue is 
identified, write: No material issue identified.

C. OUTPUT USABILITY — State whether the resulting output or dataset is usable, unusable, 
usable only after validation, or unknown, with a brief explanation.

D. ADDITIONAL VALIDATION — List any code, metadata, data definitions, record counts, 
specifications, or output that should be checked before accepting the result. Write None if no 
additional validation is warranted.

E. FINAL QC SUMMARY — Provide a concise two- to four-sentence conclusion suitable for a 
programmer's QC record.

SAS LOG TO REVIEW — [PASTE ONE BLINDED LOG HERE]
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