Large Language Models (LLMs) have revolutionized how we generate text, answer questions, and synthesize
insights. However, they introduce a subtle challenge in enterprise environments and due diligence processes:
variance in outputs despite identical prompts. If you run the same prompt three times on a given LLM, the
answers you receive may differ — sometimes slightly, sometimes significantly. This “prompt variance” can cause

confusion, reduce reliability, and complicate audit trails.

In this post, | will explore how to systematically test and interpret prompt variance when running the same prompt
multiple times. We will dive into the concept of Disagreement-Confidence-Insight (DCI) as an audit signal, explain
why model disagreement is actually a useful form of friction, and emphasize the importance of provenance and
traceability to source materials. Finally, I'll highlight principles for reconciling variance both across runs of the same

model and across different models.

Why Prompt Variance Matters: The Challenge of LLM Variability

When deploying Al-assisted intelligence or forecasting tools, variance can disrupt workflows and raise audit

questions:

* How consistent and reliable is an LLM's output?

e (Can we trust one run, or should multiple runs be used to verify insights?

What does it mean if the same prompt yields contradictory information?

How do we produce a credible provenance trail for auditors or clients?

To give an example familiar in due diligence, imagine you request a risk assessment summary for a target company
or a forecast of market growth with the same prompt. One run might highlight regulatory risk as primary, while
the next run stresses competition risk. Without a systematic approach, this variance can appear like randomness or

instability.

Step 1: Set Up Your Prompt Variance Test
Begin by clearly defining:

1. The exact prompt you will test. It must be verbatim across runs.

2. The model configuration. Include the model name, version, temperature, and any API parameters that

affect output randomness.

3. The number of runs. Testing three is a minimum for spotting variance; more runs can build statistical

confidence.

4. Documentation plan. How will you record outputs and metadata (timestamps, model version, response 1Ds)?

A simple test might be: “Summarize the regulatory risks for Company X in 500 words.” Run this exact prompt 3

times on DCI framework OpenAl's GPT-4 with temperature 0.7.
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Step 2: Capture Outputs with Provenance and Traceability
For credible audits and internal trust:

® Save each output verbatim in a database or structured format (CSV, JSON).
® Record all API metadata including model name, parameter settings, timestamp, request ID.

* Link output claims back to source documents used during prompt feeding or retrieval-augmented strategies.

This provenance enables auditors or stakeholders to verify where each insight or datum originated, preventing
unverifiable "hallucinations” or untraceable assertions.

Step 3: Analyze Model Outputs Using the DCI Framework
The Disagreement-Confidence-Insight (DCI) framework is an audit signal approach for analyzing LLM outputs:

¢ Disagreement: What pieces of information or interpretations differ across runs?
* Confidence: Which statements appear repeatedly and with similar phrasing, indicating model consensus?
* Insight: What novel or unexpected information emerges that could enhance due diligence or strategic

decisions?

Use side-by-side comparison tables to highlight agreement and divergence.

Example Table: Prompt Variance Across Three Runs

Key Topic Run 1 Run 2 Run 3 Notes Regulatory Risk Focus on data privacy legislation Mentions data privacy +
anti-trust concerns Emphasizes anti-trust risk Disagreement on dominant regulatory theme Market Competition
Significant threat from new entrants Notes threat but less emphasis Highlights competitor consolidation Subtle
variance in competitive dynamics Financial Health Stable revenue growth Stable revenue growth Stable revenue

growth High confidence on financial outlook

Step 4: Use Model Disagreement as Useful Friction

Disagreement is not an error. It is a valuable form of friction that pushes us to:



® Question assumptions embedded in prompts.

* Dig deeper into source documents to resolve conflicts.

Construct more robust narratives that incorporate multiple perspectives.

Design validation steps and cross-checks that reduce audit risks.

Embrace model disagreement rather than averaging outputs blindly. Averaging can mask important nuances and

create "blended” answers that no run actually produced. Instead, reconcile assumptions explicitly.

Step 5: Extend Testing Across Multiple Models

Sometimes variance is not just about repeated runs on the same model but also about differences among models

(e.g., GPT-4 vs. Claude vs. Bard). Running your prompt multiple times across these helps:

® Benchmark quality and stability.
¢ |dentify model-specific strengths and weaknesses.

® Build multi-model ensembles with explicit reconciliation instead of naive averaging.

Track outputs with the same provenance rigor as before.

Step 6: Reconciliation Strategies for Variance
After gathering 3+ outputs (single model) or multiple outputs from various models, reconciliation is critical:

1. Extract all factual claims: dates, figures, quotes, named entities.

2. Tag claim provenance: source documents or prompt context.

3. Classify conflicting claims: identify why differences exist (data freshness, model training cutoff, ambiguity in
prompt).

4. Consult subject matter experts: validate or refute claims externally.

5. Aggregate consensus claims: prefer claims supported across runs and documents.

6. Highlight residual uncertainty: flag areas where variance persists despite efforts.

This process transforms variance from a risk into an audit signal of thoroughness and diligence.
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Checklist: What Would an Auditor Ask?

When running prompt variance tests, keep this mental checklist handy:

® (Can every output be traced back to a specific source or document?

® Are parameter settings and environment details documented for each run?

¢ Have conflicting outputs been explicitly reconciled or flagged?

® |s there a documented rationale for excluding or favoring particular runs?

® Are all numerical or factual claims supported with CSV, PDF, or original source citations?

® Has an expert reviewed variance results before final conclusions?

Summary and Best Practices

Testing prompt variance by running the same prompt multiple times is a powerful way to understand your

model's behavior, build trust, and create audit-ready Al workflows. Remember:

* Document everything: provenance, metadata, prompt verbatim.

* Embrace disagreement: model friction reveals insight and uncertainty.

* Reconcile don't average: explicitly analyze conflicts in assumptions and data.

¢ Extend across models: widen perspective beyond a single LLM.

* Prepare for audit scrutiny: keep all numbers and claims traceable to source files.

A mature prompt variance test workflow is essential for rigorous Al-assisted strategic forecasting, market

intelligence, and due diligence. It ensures confidence is not just wished for but justified.



