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ABSTRACT

A diligence memo carries probabilities, intervals and a stated reliability. This note

defines each one, shows how calibration is measured with a reliability diagram and

expected calibration error, explains the public promotion gate of ECE at or below 0.05

on a temporal holdout, and shows why a stated confidence of 78% carries no

information until its calibration has been demonstrated.

IN ONE PARAGRAPH

A probability in a memo is a claim until its calibration is shown. Calibration is agreement

between stated probabilities and observed frequencies, read on a reliability diagram and

summarised as expected calibration error on a later time period than the model trained on.

Intervals are tested by coverage: an 80% band should contain about 80% of outcomes. Ask

for the diagram, the coverage and the holdout date before relying on a number.
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WHO THIS IS FOR AND THE DECISION IT INFORMS

Reader. Diligence readers at funders, buyers, insurers and lenders, and the courts and

regulators who review the methods they rely on.

Decision. Whether a probability or band in a memo can be relied on at face value, and

what evidence to ask for before it is.

Cost of getting it wrong. An uncalibrated 78% that comes true 66% of the time misprices

every position it touches by the same margin, in the same direction.
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The numbers in a memo

A diligence memo on a legal asset typically carries three kinds of number: a probability, such as

the chance a matter resolves before trial; an interval, such as a duration band from 14 to 41

months; and a statement about how much those numbers can be trusted. The first two drive the

decision. The third determines whether the first two should.

This note defines each figure precisely, shows how reliability is measured, and explains the public

promotion gate a Criterica model clears before any of its figures reach a reader. It is written for the

person who has to sign the memo.
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Definitions



TERM DEFINITION WHAT A READER DOES WITH IT

Probability A number from 0 to 1 attached to a defined

event over a defined horizon, for example

resolution before trial within 24 months.

Prices and ranks the event across

matters.

Interval (band) A range expected to contain the outcome with a

stated frequency, for example a P10 to P90

band that should contain 80% of outcomes.

Sizes on the edge, plans on the middle.

Calibration Agreement between stated probabilities and

observed frequencies: events given 70%

happen about 70% of the time.

Decides whether a probability can be

used at face value.

Discrimination

(AUC)

How well scores separate matters with the

outcome from matters without it.

Decides whether the ranking is

informative.

Expected

calibration error

The weighted average gap between stated

probability and observed frequency, across bins

of matters.

One number summarizing calibration.

Coverage The share of outcomes that fall inside a stated

band.

Tests whether a band is as wide as it

claims.

Calibration and discrimination are different properties and a model needs both. 2 A model can rank

matters well and still state probabilities that are systematically too high. Another can be well

calibrated on average and rank poorly. A memo that reports only one of them reports half the

evidence.
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Why “confidence 78%” means nothing until calibration is shown

A figure such as “78% likely” or “confidence 78%” looks like a measurement. On its own, it is a

claim. The only way to know what a stated 78% is worth is to take every past case where the system

said something near 78% and count how often the event happened.

If it happened about 78% of the time, the number is calibrated and can be used directly: priced,

summed across a book and compared with other numbers. If it happened 66% of the time, the



number is overconfident by twelve points, and every decision that used it at face value was

mispriced in the same direction. Nothing in the figure itself distinguishes the two cases. The

evidence is outside the number, in its track record on matters it did not see.

A probability without its calibration evidence is a confident-sounding

opinion.

The same applies to labels that are not numbers at all. “High confidence”, “strong case” and a

green indicator carry no calibration evidence and cannot be tested. The test that follows can only

be run on numbers that were stated in advance and kept.

04

Reading a reliability diagram

The reliability diagram is the standard picture of calibration. Matters scored on a holdout period

are grouped by their stated probability, and for each group the observed frequency of the event is

plotted against the average stated probability. A perfectly calibrated model lies on the diagonal.



FIGURE 1 Reliability diagram for two models on the same holdout Illustrative

0.0
0.0

0.2

0.2

0.4

0.4

0.6

0.6

0.8

0.8

1.0

1.0

predicted probability

observed

Model A, calibrated

ECE 0.016 · clears the 0.05 gate

Model B, overconfident

ECE 0.064 · does not clear the 0.05 gate

Dot area scales with the number of
holdout matters in each bin.

Illustrative dataset: 2,150 fictional matters in ten bins. This figure is evidence of how calibration reads on a diagram.

Model A tracks the diagonal. Model B is overconfident: its high scores come true less often than stated and its low scores

more often. The diagonal is perfect calibration.

How to read it

– Points on the diagonal: stated probability matches what happened.

– Points below the diagonal at the high end: the model says more likely than it turns out to be.

– Points above the diagonal at the low end: the model says less likely than it turns out to be.

– A curve flatter than the diagonal, as with Model B, is the signature of overconfidence: the

model spreads its scores further from 50% than the evidence supports.

In the illustration, Model B’s matters scored near 0.75 resolved the stated way 66% of the time. A

reader using Model B’s 75% at face value overstates that event by nine points on every matter in the

bin. Model A’s matters scored near 0.75 resolved that way 76% of the time.
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Expected calibration error and the promotion gate

Expected calibration error compresses the diagram into one number. For each bin, take the

absolute gap between the average stated probability and the observed frequency, weight it by the

share of matters in that bin, and add the bins together. 1

ECE = Σ (n​b / N) × | stated​b − observed​b |

ILLUSTRATIVE HOLDOUT, BY BIN

BIN (STATED) MATTERS OBSERVED, MODEL A GAP A OBSERVED, MODEL B GAP B

0.05 120 0.06 0.01 0.16 0.11

0.15 180 0.14 0.01 0.24 0.09

0.25 240 0.27 0.02 0.32 0.07

0.35 300 0.33 0.02 0.39 0.04

0.45 320 0.46 0.01 0.47 0.02

0.55 300 0.57 0.02 0.53 0.02

0.65 260 0.63 0.02 0.59 0.06

0.75 200 0.76 0.01 0.66 0.09

0.85 140 0.84 0.01 0.72 0.13

0.95 90 0.93 0.02 0.79 0.16

Computed over the illustrative table, Model A has an ECE of 0.016 and Model B 0.064. Criterica’s

public promotion gate for production classifiers is ECE at or below 0.05 together with AUC at or

above 0.70, both measured on a later time period than the model was trained on. Model A would

clear the calibration gate; Model B would not, however well it ranked.



A model that fails the calibration gate is not promoted. Recalibration on held-out data is a standard

remedy and is applied where it is appropriate, and the recalibrated model is then scored again on

a period it has not seen. The result, pass or fail, is recorded in the model registry.
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Temporal holdout: scoring on a period the model never saw

Calibration measured on the same matters a model was trained on is meaningless: a model can

memorize its training data. Calibration measured on a random sample of held-back matters is

better, but it still mixes eras. Matters from the same year share judges, rules and economic

conditions, so a random split lets a model learn the era and then be tested on the same era.

FIGURE 2 Temporal holdout Illustrative

train: matters filed before the cut score: later filings

time cut

2012 2015 2018 2021 2024

Illustrative years. Every promoted model is scored on a period after its training data.

The model is trained on matters filed before a time cut and scored only on matters filed after it, the way it will be used.

This figure is evidence of the order of operations: train before the cut, score after it.

Criterica validates on a later time period. The model trains on matters filed before a cut and is

scored on matters filed after it, which is how it will actually be used: estimating matters that have

not resolved yet, in conditions that may have shifted. A model that cannot survive that test does not

reach production. It is the closest a validation can come to the decision a reader is making.
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Calibrating an interval

http://127.0.0.1:53055/registry


Bands are calibrated the same way probabilities are. A P10 to P90 band claims to contain 80% of

outcomes. On a holdout period, the test is direct: count the share of resolved matters whose actual

outcome fell inside their stated band. A coverage near 80% means the band is as wide as it should

be. Coverage well below 80% means the bands are too narrow and the model is overconfident

about timing or value; coverage well above means they are wider than necessary.

For a reader, coverage answers the practical question behind every band: if I size on the edge,

how often will the matter land beyond it? A calibrated P90 duration means roughly one matter in

ten runs longer. That is a reserve assumption that can be written down and tested against the book

later.
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Four common misreadings

Reading discrimination as calibration

A high AUC says a model ranks matters well. It says nothing about whether its probabilities are the

right size. A memo that cites AUC alone has shown that the ordering is informative, not that a stated

60% means 60%.

Reading an average as a guarantee

A low ECE is an average over bins. A model can be well calibrated overall and less so in a thin

region, often at the extremes where few matters fall. The reliability diagram shows where the

evidence is dense and where it is sparse, which is why it should accompany the single number.

Reading a band as a promise about one matter

An 80% band is calibrated across many matters: about one in five should land outside it. A single

matter landing outside its band is not evidence the model failed. A book in which far more than

one in five land outside is.

Reading old validation as current



Calibration is measured on a period. When rules, courts or case mix change, a model validated on

an earlier period may drift. The date of the holdout belongs beside every calibration figure, and

the figure should be refreshed as new resolutions arrive.
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What to ask for in diligence

1. For every probability in the memo, the reliability diagram and ECE of the model that produced

it, on a later time period.

2. For every band, its stated coverage and its measured coverage on that period.

3. The AUC of each model, so ranking and calibration are both evidenced.

4. The model version behind each figure, so the figure can be regenerated and later scored

against the outcome.

5. The status of each model and, for any stub, the comparison supplied instead.

These are the items a Criterica model card is designed to carry, and cards are shared with

institutional reviewers under NDA. MC-002 sets out what a card contains and publishes a sample

built from fleet-level figures. WP-006 explains how to act on each figure once its calibration is

established.
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The question, as the reader has it

A diligence reader at a funder, a buyer, an insurer or a lender is handed a probability and asked to

sign. The decision they face is whether to price on it. Their problem is not that probabilities are

uncertain; it is that a bare probability gives them no way to find out whether it was earned. A point

estimate such as 78% fails this reader because it carries no track record: two systems can both say

78% and mean very different things, and nothing in the figure separates them.

http://127.0.0.1:53055/research/model-cards
http://127.0.0.1:53055/research/how-to-read-an-estimate


What the reader needs is the evidence beside the number: how often events given roughly 78%

actually happened, on matters the system had not seen, and how wide a band must be to contain

the outcome with the frequency it claims.
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What is measured

QUANTITY UNIT POPULATION

Probability of

an event

A number from 0 to 1 over a stated

horizon

Closed matters that could have had the event,

from filed court records with a recorded

termination

Interval (band) The unit of the outcome, for example

months or US dollars, with a stated

coverage

Closed matters of the same case type, venue and

stage

Calibration

error

Weighted average gap between stated

and observed frequency

Matters scored on a later period than the model

was trained on

Coverage Share of outcomes inside the stated

band

Matters scored on that later period

Inclusion is at the level of a recorded termination: a matter counts as an observed outcome only

when its record shows how it ended. Matters still open are not outcomes, which is a form of

censoring that the duration models handle explicitly and that the event-probability evaluation

handles by scoring each event only over its stated horizon.
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How a number travels from the record to the band

1. Record to structured event. Filings and orders are read into dated events, and parties,

counsel and judges are matched across records by entity resolution on a knowledge graph.



2. Event to model class. Probabilities come from probabilistic classification; durations from

survival analysis in the Kaplan-Meier and proportional-hazards tradition, which uses open

matters correctly. Sparse venues borrow strength through hierarchical partial pooling.

3. Model class to calibrated output. Classifier scores are recalibrated on held-out matters,

because high-capacity models often rank well and state probabilities that are too extreme (see

the references).

4. Output to band shown. Intervals are fitted as quantile or conformal intervals, the class of

method that gives a band a coverage guarantee under a stated exchangeability assumption and

a way to test it.

This is the reason the note spends its length on calibration: it is the step that turns a score into a

probability a reader may price on.
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Validation design, in full

Validation is a design before it is a number. Four choices define it.

1. What is frozen. The model, its recalibration and its version are fixed at the time cut. Nothing is

adjusted after the later period is examined.

2. What is compared. Each stated probability or band is compared with how the matter actually

closed in the later period.

3. How leakage is prevented. The point-in-time boundary applies to every input, not only the

outcome. A field that was recorded after the cut, or that restates an earlier one, is not visible to

the model for an earlier estimate.

4. What is reported. Three metric families: discrimination, calibration and interval coverage, with

the date of the holdout beside each.

For calibration, two instruments are used together. The reliability diagram shows where the model

is over- or under-confident. The Brier score, a proper scoring rule, summarises probability accuracy



and decomposes into reliability, resolution and uncertainty components, which separates how

honest the probabilities are from how informative the ranking is. A proper rule cannot be improved

by shading probabilities away from the model’s honest belief, which is why it is the right

companion to a binned error.

Figure 1 is evidence of how calibration reads on a diagram: one illustrative model tracks the

diagonal and one is overconfident. Figure 2 is evidence of the order of operations in validation:

train before the cut, score after it.
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Scope and precision

A calibrated probability is a statement about frequencies across many comparable matters. It is not

a forecast of the realized dollars of one matter, and a probability of resolution is not a statement

about who prevails; direction of outcome is read only from sources that record it.

– Binning: ECE depends on the number of bins, so comparisons use the same binning, and the

diagram accompanies the number.

– Thin regions: calibration is least certain where few matters fall, often at the extremes of the

probability scale.

– Data lag and venue sparsity: the record reflects filings up to its as-of date, and thin venues

widen the band.
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What a reader can reproduce

The illustrative dataset behind Figure 1 is published in the table in section 5: ten bins, the matters

in each and the observed frequencies for both models. A reader can recompute the expected

calibration error for both with a spreadsheet and check it against the figures stated in the text, and

can build a reliability diagram of their own from the same columns. Reproducing the calibration of



a production model requires the platform and its held-out matters; the model card for that model

states its results and is shared with institutional reviewers under NDA.

What this number means

The reliability diagram and calibration figures in this note are computed from an illustrative

dataset of 2,150 fictional matters scored by two fictional models, chosen to show the method

clearly. The promotion gates stated here, AUC at least 0.70 and ECE at most 0.05 on a later

time period, are the public gates every Criterica production classifier clears. Calibration

results for individual models are provided in their model cards under NDA.
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NOTES

1. Binned ECE depends on the number of bins. Ten equal-width bins are used throughout this note; any

comparison between models should use the same binning.

2. AUC, the area under the receiver operating characteristic curve, is the probability that a randomly chosen

matter with the outcome is scored above a randomly chosen matter without it.
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