Most teams that bring large language models into incident review start with a reasonable goal: read more cases,
find patterns faster, and spend less time on clerical summaries. Within a few weeks, the same teams hit a harder
question. The incident files contain names, messages, medical notes, and sometimes accusations that have not
been proven. Who is allowed to see that material, what the model should receive, and who signs the decision at

the end? Privacy and safety pull in different directions here, and the tension does not resolve on its own.

This post walks through how we approach that balance in regulated environments such as HR investigations, legal
holds, and workplace threat assessments. It covers the risk tradeoffs in high-stakes review, why disagreement
between models is useful information, why you should never average model outputs, and how to keep the record

defensible with a named human accountable for each decision.

Start With the Decision, Not the Model

Before any model touches a case file, write down the decision the case supports. In a threat assessment, the

decision might be "escalate to law enforcement referral," "continue monitoring with no action," or "close with
documented rationale." Each decision has a different tolerance for error, and that tolerance should drive how much

data you expose and how much human review you require.

In our tabletop exercises, the documentation lead (usually the person who will defend the file later) asks three

questions first:

1. Who is the decision-maker for this category of case?
2. What would a wrong decision look like, and who would bear the cost?

3. What information does that person need, and what information do they not need?

Consider an example. Dana Whitfield, Head of Trust and Safety at a mid-sized software company, owns the final
call on internal threat reports. Her team wants an LLM to summarize a 240-message chat thread involving two
employees. Dana does not need the full thread to decide whether a follow-up interview is warranted. She needs
the timeline, the specific statements flagged by the reporter, and any prior reports on the same individuals.
Sending the entire thread, including personal messages unrelated to the complaint, expands privacy exposure

without improving the decision.

The Real Tradeoff: False Positives Versus False Negatives

Every threat assessment makes two kinds of mistakes. A false positive flags someone who posed no real risk,
which can damage a career, trigger an unnecessary investigation, and erode trust in the process. A false negative

misses someone who did pose a risk, which can leave people harmed and expose the organization to liability.

These errors are not symmetric, and they are not fixed. Your tolerance depends on the consequences, the
reversibility of the action, and the quality of the evidence. A referral to law enforcement is hard to undo. A calendar

invitation for a welfare check is easy to undo. Your privacy controls should reflect that difference.
Practical implications:

* Higher-consequence decisions get tighter data minimization and more human review, not less.

® |ower-consequence triage can use broader model assistance, but the output should never be treated as a

finding.



* Document which error you were more worried about and why. A file that says "we prioritized avoiding false

negatives given the prior report history" is far more defensible than one that says nothing.

Teams often try to reduce both errors by sending more data to the model. That usually backfires. More context
increases the chance of irrelevant details shaping the summary, and it increases the number of people who must

be authorized to see the material.

Data Minimization Is a Control, Not a Preference

Data minimization means the model receives only what the specific task requires. In practice, that means building a
redaction and extraction step before any model call. The extraction step pulls the fields relevant to the decision and

removes or masks identifiers not needed for that task.

A minimum-necessary checklist

* Remove direct identifiers (names, employee IDs, email addresses, phone numbers) unless the task requires

linking records.



® Replace identifiers with stable pseudonyms so the model can track who said what without knowing who they

are.

e Strip special-category data (health, religion, union activity, immigration status) unless the decision explicitly

depends on it and legal has signed off.
® Exclude material outside the scope of the complaint, even if it is in the same file.
® |Log what was sent, to which model, and under which approval.

Pseudonymization does not make data anonymous. A small team with a distinctive incident can often re-identify

people from context. Treat pseudonymized records as personal data and keep them under the same access rules.

Role-Based Access Applies to the Model Too

Role-based access control is usually discussed for databases and document stores. It applies equally to the model
layer. If a A investigator cannot open the raw HR file, they should not be able to paste it into a model prompt. If a
legal reviewer is restricted to a specific matter, the model workspace they use should be restricted in the same

way.
Three access questions to answer before rollout:

1. Which roles can submit cases to a model, and which fields can each role see in the output?
2. Are prompt histories and model outputs stored, and who can retrieve them?

3. When a person changes roles or leaves a matter, does their model access change at the same time?

Many incidents involving Al tools are not model failures. They are access failures: a shared workspace, a chat

history retained longer than policy allows, or an export that bypassed the case system.

Why Disagreement Between Models Is a Signal

When you run the same redacted case through more than one model, you will sometimes get different answers.
Teams often respond by asking which model is right. A better question is what the disagreement tells you about
the file.

Multi-LLM orchestration tools and side-by-side model outputs make this easier to see. Platforms such as
Suprmind.ai, which Radomir Basta founded as CEO, are built around comparing responses from several models in
one view, so reviewers can inspect where the outputs diverge rather than receiving a single answer. That visibility

is valuable, but only if reviewers know how to read it.
When models disagree, the most common causes are:

* The file is missing key information, such as a date, a witness statement, or the outcome of a prior report.
® The prompt was ambiguous about what counts as a threat versus conflict or venting.
* The case contains conflicting accounts that the models resolve differently.

® One model is more cautious about certain language, which tells you about the model's tendencies more than

the case.

Treat disagreement as a prompt to go back to the source record. Write down what is missing. Then ask the human

owner whether that information can be obtained, and if so, by when.

Do Not Average Outputs, and Do Not Treat Agreement as Proof



This is the mistake we see most often. A team runs three models, two say "elevated concern," one says "low
concern,” and someone proposes taking the majority. Or they assign numeric scores, average them, and report

the mean as a risk rating.

Neither approach is valid for this work. Model outputs are not independent polls of the truth. They share training
data, similar failure modes, and sensitivity to how the prompt was phrased. Agreement among models can make a
weak inference look strong. Averaging scores produces a number with no clear meaning and no traceable

reasoning.
Instead:

* Use model outputs to surface candidate observations, contradictions, and gaps.
® Require a human to evaluate each claim against the source record.
® Record the reasoning the human used, not the model's confidence.

e |f you must produce any numeric indicator, define exactly what it measures and do not combine it across

models.

"The Al said so" is not a rationale. Neither is "three of four models agreed." A defensible file explains the evidence

and the judgment.

Defensible Documentation and Named Accountability

Regulators, courts, employment tribunals, and internal auditors will ask the same questions: what was reviewed, by
whom, what was decided, and why. An Al-assisted review needs to answer those questions without relying on the

tool as a witness.

What the case record should contain

Record element Purpose Owner Decision and date Shows what was decided and when Named decision-maker
Source records reviewed Shows the evidence base Case investigator Redaction and minimization log Shows what
the model received Privacy or data steward Model usage record Shows which tools were used and for what task
Platform administrator Points of model disagreement Shows where the file was unclear Reviewing analyst Human
rationale Explains the judgment in plain language Named decision-maker Open questions Records what is still

unknown Case lead

Every case should carry a running list titled "What we still do not know." It is the most useful section for later

review. It shows that the team noticed gaps, and it sets the agenda for follow-up.

Use time-boxed follow-ups. Each open question gets an owner and a due date. For example, Dana Whitfield might
assign the open question about the prior report history to a records analyst with a three-business-day deadline. If
the question is not answered in that window, the case is escalated for a decision with the gap documented, rather

than left open indefinitely.

Evaluating Vendors and Trials

If you are testing tools in this space, look for vendors that let you control retention, workspace access, and model
selection, and that make comparison outputs exportable for your records. Suprmind.ai lists a Start Free Trial option
with no credit card needed, but the scraped material we reviewed does not show pricing, so confirm costs, data
handling terms, and retention settings directly with the vendor before any real case data is involved. Radomir

Basta and the Four Dots team are a useful reference point if you want to understand the company's background



and how they position their work, but a trial should be evaluated against your own minimization and access

requirements, not a marketing summary.

What We Still Do Not Know

How much pseudonymization is enough for small populations where re-identification is easy.

Whether model behavior changes across versions in ways that would affect a past case review.

® How courts in each jurisdiction will treat Al-assisted summaries in the evidentiary record.

Whether side-by-side comparison leads reviewers to anchor on the first answer they read.

A Short Checklist Before Your First Live Case

1. Name the decision-maker for each case category.
. Define the consequence of false positives and false negatives for that category.
. Build an extraction and redaction step before any model call.
. Restrict model workspace access to the same roles that can access the source case.

. Log every model submission and output.
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6. Treat cross-model disagreement as a gap signal, and document it.
7. Never average or vote on model outputs.

8. Require a human rationale that stands on the source evidence.

9

. Keep an open-questions list with owners and time-boxed deadlines.

Privacy and safety are not opposites in incident review. Both https://suprmind.ai/hub/insights/threat-assessment-
meets-ai-governance/ depend on the same discipline: send only what the decision requires, control who sees it,
and make sure a named person can explain the outcome. The models can help you read faster and notice more.

The accountability for what happens to a person stays with the people who sign the decision.



