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Most organisations now run at least one system that predicts something: next
quarter's demand, the price a customer will accept, the probability a claim is
fraudulent, the cash a project will need. More and more of these are Al tools bought
from a vendor, whose workings the buyer cannot see and whose accuracy nobody

independent has checked. The question we are asked is simple: is it right?

The answer is never a single number. "Right" means wrong by an acceptable amount, in the places where being
wrong costs the most, consistently over time, and by less than a cheaper alternative would be. That definition is
not new. It is the standard that forecasting science has applied to statistical models for decades?, that bank
supervisors apply to the models behind lending and capital decisions®“, and that the UK government applies to
its own analysis®. Al tools have mostly escaped it, not because the standard does not fit, but because nobody has
been asked to apply it. This note sets out how we do.

The seven steps

1 Decision 2 Reference set 3 Benchmark 4 Decompose 5 Stability 6 Signed opinion 7 Re-test

what a miss costs unseen, vintage data the cheap alternative illwhere and why wrong drift, breaks, stress ranked, named, dated quarterly monitoring

models decay: monitoring feeds back into the next test

Start with the decision, not the model

Before we look at a line of output we ask what the forecast is used for and what a miss costs. A
demand forecast feeding a reorder rule is punished for under-forecasting far more than over-
forecasting. A credit score is judged on the cases it gets badly wrong, not its average. A pricing
engine is judged on margin left on the table and business lost.

This determines the error measure. Mean absolute error, root mean squared error, scaled error
against a naive forecast?, directional accuracy, calibration of probabilities, cost-weighted loss: each
answers a different question, and the wrong one can make a bad tool look good. Proper scoring
rules exist precisely so that a model cannot game the measure it is judged on®. We write the chosen
measures down, with the reasoning, before testing begins.

Build a reference set the model has never seen

A forecast can only be judged against outcomes that were unknown when it was made. That rules
out most of what vendors show buyers, which is performance on data the model was built on or
tuned against.

We assemble a reference set of real decisions and real outcomes, using the data exactly as it stood at
the time of each forecast. Economists call this vintage, or real-time, data; it matters because figures
get revised, and a model tested on revised history is being handed information it did not have’. We
check for leakage, where a later fact has crept into an earlier input, and we hold the set back from
the vendor and the model owner until the test is complete.
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Set the benchmark

Every Al forecast is compared with something simple. For a time series that may be last period's
value, a seasonal average, or a plain regression on two or three obvious drivers. For a classifier it may
be a base rate or a scorecard an analyst could run in a spreadsheet. The benchmark is not a straw
man. It represents what the organisation could have for almost nothing. If the Al cannot beat it by a
margin that pays for its cost and complexity, that is the finding, however sophisticated the tool.

Whether the margin is real rather than luck is itself a statistical question, with standard tests to
answer it.

Measure the errors, then take them apart

Headline accuracy is the least useful number we produce. The useful work is decomposition: where
is the model wrong, and why? We split errors by segment (product, region, customer type), by
horizon (one week out versus one quarter), and by regime (stable periods versus shocks). We
separate bias, a consistent lean in one direction, from noise.

An average of 8% hides a segment that is wrong by 30%

All (headline) 8.1% - 100% of volume

Core product 2.4% - 61% of volume

Export orders 6.0% - 22% of volume

New region 29.5% - 9% of volume

17.8% -
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Mean absolute percentage error

Promotions 8% of volume

lllustrative data. Amber = segments exceeding the tolerance set at scoping.

Figure 1. Error decomposition by segment. The headline figure is dominated by the core product, where the model performs well. The two
segments added after the model was built carry most of the risk.

We also test whether the model's own uncertainty bands are Over-confidence test
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Figure 2. Calibration. Points below the diagonal mean the
model's stated uncertainty is too narrow.
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Test whether it holds up

A model that passed last year's test is not thereby reliable this year. We re-run the tests on rolling
windows to see whether accuracy is drifting, and we look for structural breaks: points where the
relationship between inputs and outcomes changed and the model did not notice. We stress the
model with the conditions it will eventually meet, such as a demand collapse, a price spike or a shift
in the customer mix, and report how it behaves when the world leaves the range it was trained on.

Where we can see the model's inputs we also check specification: whether the drivers make
economic sense, whether any are proxies for the outcome itself, and whether the model is leaning on
a variable that will not be available in time when the forecast is needed.

A model that passed at go-live, decaying past the benchmark
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Figure 3. Rolling-window error. The model beat the benchmark comfortably at go-live. A change in input mix at month 22 began a decay
that nobody was monitoring; by month 28 the simple benchmark was better.

6

Report what matters, rank it, sign it

The output is a short report, not a data dump. Findings are ranked by severity and by how much they
bear on the decisions the model supports. Each carries the evidence, the likely cause and a
recommendation: fix, constrain, monitor or replace. We state what the model is fit for and what it is
not.

Every report ends with a signed opinion from the named reviewer. It says, in a paragraph a board or a
regulator can read, whether the model is fit for its stated use and on what conditions. We put our
name to it because an opinion nobody will sign is not an opinion. Independence matters here for the
reasons the audit literature has documented at length: an assessor paid to find nothing usually finds
nothing®”?.

Come back

Models decay. We set a re-test schedule, typically quarterly for anything feeding a live decision, with
a short monitoring pack that re-runs the core tests on new outcomes. Drift gets caught before it
reaches the accounts.
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What you receive

Engagement Question answered Deliverables Duration
Output accuracy review How often is the Al wrong, and Error rates with confidence ranges;  2-3 weeks
where? decomposition; ranked fixes;

signed opinion

Model validation Is the model well specified, stable, Backtests; benchmark comparison;  2-4 weeks
and better than a benchmark? stability and stress tests; signed
report
Al impact evaluation Did the Al deliver what it was bought  Effect separated from other 3-5 weeks
for? factors, with ranges; evidence for

the next decision

Monitoring Is it still right? Quarterly re-run of core tests on Ongoing
new outcomes; drift alerts

The constraint is almost always the reference set. If outcome data is thin or poorly recorded we say so early,
because that is itself a finding about how the organisation is managing its Al. Where we report against frameworks
we use ISO/IEC 42001%°, the NIST Al Risk Management Framework** and DSIT's Al Management Essentials*?, and
we quality-assure our own work to the principles of HM Treasury's Aqua Book®.

If you rely on an Al to forecast, price or decide and nobody independent has tested it against what actually
happened, that is the place to start.
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Grant Hixon is an econometrician with twenty years building and testing forecasting and risk models at Dun & Bradstreet,
the EIU, Continuum Economics, Oxford Economics and CRU. BlackPoint Economics provides independent Al and model
assurance, economic evaluation and commissioned analysis. info@blkpoint.co.uk

Figures 1-3 use illustrative data constructed to show the pattern of each test; they are not client results. © 2026 BlackPoint Ltd. Registered in
England & Wales, company no. 16981186.
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