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In the growing landscape of Al-assisted decision-making, large language models (LLMs) such as Gemini and GPT-
4 are becoming core tools for generating insights, forecasts, and analyses. But a perennial challenge users face is
the shifting numerical outputs from one run to another, or diverging results between different models — a
phenomenon I'll unpack here under themes such as DCl as an audit signal, model disagreement serving as friction,

and the criticality of provenance and traceability to source documents.

Understanding DCI as an Audit Signal

Before delving deep into why your numbers vary, it's essential to know what auditors — internal or external —
look for in Al-generated reports. A key concept | keep front and center in every boardroom and diligence exercise

is the Data-Claim-Interpretation (DCI) framework as an audit signal.

* Data: What raw data or source materials underpin a figure?
® Claim: What is the Al-generated output or assertion?

* Interpretation: How does it explain or interpret the number?

Any trustworthy analysis hinges on clear lineage from data to claim with a transparent interpretation. If you can't
trace your “optimized revenue forecast” back to an official CSV or PDF document, the number is at best a helpful

hypothesis and at worst a red flag.

Gemini vs GPT-4: DCl’s Role in Variance

Both Gemini and GPT-4 are probabilistic models trained on vast datasets yet have distinct architectures, training
data cuts, and fine-tuning approaches. These differences manifest immediately in how each relates the input data
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® Gemini: Designed with a focus on multi-modal inputs and enhanced factual grounding, Gemini attempts to
anchor numbers more tightly to documents it sees.

® GPT-4: Balanced for versatility, GPT-4 emphasizes language fluency and broad knowledge but sometimes

abstracts source details in favor of a plausible narrative.

Thus, from a DCI perspective, Gemini's audit trail might feel more “visible” while GPT-4 needs disciplined

prompting to expose provenance clues explicitly.

Model Disagreement as Useful Friction

Far from being a nuisance, the differences between Gemini and GPT-4 outputs, or variations within multiple runs

on the same model, can be harnessed as productive “friction.” Let me explain.

The market and enterprise Al hype often push a narrative of a “single source of truth” Al. Reality, however, works
differently. LLMs produce outputs based on probabilities over language distributions and internalized patterns, not
deterministic calculations. When you extract a numeric forecast, whether an EBITDA estimate or a market
penetration metric, slight shifts in prompt phrasing, temperature parameters, or even the model version lead to

variable results.
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Why Model Disagreement Matters

1. Highlights Uncertainty: Disagreement between Gemini and GPT-4 signals where the data or logic is

ambiguous or incomplete.

2. Drives Robustness: A range of outputs invites users to interrogate assumptions rather than blindly accept a
single figure.

3. Fosters Due Diligence: Disparate numbers become prompts to trace back to authoritative sources and

reconcile inconsistencies.

Ignoring variability and averaging or cherry-picking output not only misrepresents confidence but also

undermines the credibility of Al-assisted analysis.

Provenance and Traceability to Source Documents

In my decade advising on strategy and due diligence, nothing irks me more than confident claims without
citations. When | see “Optimized for growth by 25%" without metadata or source links, | reach for my “what

would an auditor ask” checklist.



Why Provenance Matters in Al Outputs

¢ Audit Confidence: Traceability to actual source documents (financials, contracts, official reports) validates

claims.
* Reproducibility: Given the same inputs and method, you or a colleague can replicate findings.
* Error Detection: Source linkage helps spot transcription mistakes or outdated figures.
Ever notice how both gemini and gpt-4 have ongoing improvements in explicitly surfacing provenance. Gemini

especially integrates multi-modal context, allowing reference to specific tables or sections from PDFs or

spreadsheets. GPT-4, especially when chained with retrieval plugins, can also cite exact paragraphs or data points.

Best Practices for Al-Backed Provenance

1. Embed Sources: Always prompt the model to include citations, document names, slide numbers, or CSV file

references alongside numbers.
2. Maintain an Audit Trail: Export Al outputs with metadata linking back to source files and timestamps.

3. Cross-Validate: Compare model citations against original documents before wide distribution.

Variance Across Runs and Across Models

Anyone using Al-generated numbers will notice two types of variance:

1. Variance Across Runs on the Same Model

This variance stems from stochastic elements like sampling temperature, prompt variations, and contextual state
changes. This reminds me of something that happened was shocked by the final bill.. Even with identical inputs,

GPT-4 or Gemini might provide slightly different numbers each run.

2. Variance Across Different Models

When switching between Gemini and GPT-4, model architecture, training data epochs, tokenization methods, and
optimization approaches differ. These factors influence how input data is parsed, weighted, and expressed as

output.



Variance Type Cause Impact Audit Approach Across Runs (Same Model) Sampling randomness, prompt tweaks,
session state Minor numeric shifts, phrasing changes Run multiple times, analyze range, document assumptions
Across Models (Gemini vs GPT-4) Architecture, training data, grounding strategy Potentially large output

divergence Compare outputs, reconcile differences, trace claims to data

Closing Thoughts: Embrace Model Variance with Discipline

“Why do my numbers change when using Gemini versus GPT-4?" — The answer lies in the inherent probabilistic
nature of LLMs combined with their unique training and grounding methodologies. Rather than expecting fixed
outputs, the best practice is to treat Al outputs as curated hypotheses requiring rigorous audit via DCI, gaining

value from model disagreement as a discovery tool, and never losing sight of provenance and traceability.

If you're deploying large language models for critical business decisions, embed these principles deeply into your
workflow:

* Demand explicit source references with every numeric output

® Run multiple model iterations and across models before settling on figures

* Systematically document your interpretative path for audit and future scrutiny

® Use model discordance as a prompt for further human inquiry, not just noise to average away

Only then can you trust your numbers — and by extension, your strategy — in an Al-powered future.



