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Does prompt design stop AI models
inventing invoice data?

A pilot test of four prompts on two Claude models
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Businesses now use AI models to read invoices. This study tested whether the way the prompt is

written changes how often a model makes up values that are not on the page. One sentence

allowing a blank answer cut invented values by about 80%. Worked examples and detailed field

definitions made no difference.
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Businesses increasingly use large language models to read documents such as invoices and turn

them into structured data. The main risk is not misreading but invention: a confident, plausible

value for a field that is not on the page. This pilot study tested whether prompt design changes

that risk. Two Claude models (Opus 5.5 and Haiku 5.5) extracted six fields from synthetic UK

invoices under four prompts: plain, structured, few-shot, and structured with a self-check

instruction. Experiment 1 (40 invoices, 960 calls) found that both models read every printed value

correctly under every prompt, but the first three prompts filled in a missing VAT figure every time,

while the self-check prompt returned null every time. Experiment 2, designed in advance to test this

directly (40 invoices with missing or inconsistent fields, 960 calls), confirmed the effect: the

invented-value rate fell from 39 to 50% to 8 to 9%. The structured and few-shot prompts gave no

improvement over a one-line plain prompt. One failure mode, reporting an account reference as the

invoice number, was largely unaffected by any prompt.
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K E Y  F I N D I N G S

1. Both models read every printed value correctly, under every prompt, including on rotated and low-

quality scans. Accuracy was not the problem; invention was.

2. One explicit instruction ("if a field is missing, return null rather than guessing") cut invented values

from 42 of 90 to 7 of 90 for Opus and from 35 of 90 to 8 of 90 for Haiku. Role-setting, field

definitions and worked examples made no measurable difference.

3. The self-check prompt has a cost on the smaller model: Haiku withheld a correctly printed total on 8

of 30 responses where the printed figures did not add up.

1 Introduction

Extracting key fields from invoices and receipts is a long-standing document-AI task with clear

commercial value, studied through shared benchmarks and purpose-built models (Huang, Z. et al.,

2019; Park et al., 2019; Kim et al., 2022). General-purpose language models that read document

images now let any small business automate it with a prompt instead of a trained system. The task is

attractive because it is repetitive and the output looks easy to check. In practice, an extraction system

is usually trusted once it has been spot-checked a few times, and its errors then flow quietly into

accounts.

Two kinds of error matter. A misreading (a 7 read as a 1) is the classic optical character recognition

problem, and errors at that stage propagate into everything downstream (Kim et al., 2022). An

invented value is different: the model returns a confident, correctly formatted answer for something

that is not on the document, often by working it out from other fields. In the terms of the hallucination

literature, this is an extrinsic hallucination: output "that cannot be verified from the source content" (Ji

et al., 2023, Section 2.1). Language models are known to produce "plausible yet nonfactual content"

(Huang et al., 2025, abstract), and invented values are harder to catch than misreadings because they

look right and are often arithmetically consistent with the rest of the record.

Practitioner guidance on prompting commonly recommends giving the model a role, defining each

field, supplying worked examples and asking it to check its work. Worked examples, or few-shot

prompting, became standard after Brown et al. (2020) showed that large models can perform tasks

from a handful of demonstrations. Anthropic's own guidance adds a further step: "Explicitly give

Claude permission to admit uncertainty. This technique can drastically reduce false information"

(Anthropic, n.d.). The research evidence on which of these steps matters is mixed. Demonstrations

may help mainly by showing the format and range of answers rather than by teaching the task (Min et

al., 2022); performance can swing widely with small changes in prompt formatting (Sclar et al., 2024);

and on Spanish electricity invoices, one recent unreviewed study found that few-shot examples raised

accuracy by more than 19 percentage points (Gómez & Sánchez, 2026). We found few studies that

measure invented values for fields missing from a document, as opposed to overall extraction

accuracy, and fewer still that compare common prompt designs on this outcome using the same

documents. This pilot asks one question: does the way the prompt is written change how often a

model gets invoice details wrong or makes them up?

To answer it, two experiments compared four common prompt designs on the same synthetic

invoices, where the correct answer to every field is known. Experiment 1 used ordinary invoices,

including messy scans. Experiment 2, planned in advance, focused on invoices where a field was
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missing or the figures did not add up, because that is where invented values occur. Section 2

describes the method, Section 3 the results, and Section 4 what they mean for businesses that use AI

to extract data from documents.

2 Method

2.1 Documents

All documents were synthetic UK invoices generated by a Python script (seed 2026 for Experiment 1,

seed 2027 for Experiment 2), so the correct answer for every field is known exactly. Every supplier,

customer, address and number is fictional. Invoices use four layouts (classic, banner, receipt and

split), a range of date and currency formats, and between one and six line items.

Experiment 1: 40 invoices. 30 are clean. 10 (25%) are deliberately messy: rotated scans, low-

quality scans, unusual fonts, or (on 3 invoices) no VAT line.

Experiment 2: 40 new invoices, all clean, in four cases of 10 each:

missing VAT: no VAT line is printed (correct answer: null);

missing invoice number: no invoice number is printed, but a purchase order number and an

account reference are (correct answer: null);

missing invoice date: no issue date is printed, but a due date is (correct answer: null);

inconsistent total: the printed total does not equal net plus VAT, as with a supplier typo (correct

answer: the figures exactly as printed).

2.2 Fields and prompts

Six fields were extracted: supplier, invoice date, invoice number, net, VAT and total. Four prompts were

compared (Table 1):

Table 1. The four prompts compared.

PROMPT CONTENT

A, plain "Extract the invoice details from this invoice", plus the six key names

B,

structured

A role ("careful accounts-payable assistant"), a definition of each field including what it is not (for

example, not a PO or account number), and a strict JSON output format

C, few-shot B plus three worked examples (text transcriptions of other invoices)

D, self-

check

B plus two instructions: confirm net + VAT = total, and "only report values that are printed on the invoice;

if a field is missing, return null rather than guessing"

Prompt D is the only prompt that explicitly permits a null answer. The full prompt texts are available

from the author on request.

2.3 Models and runs

Each invoice was sent as an image to two models, claude-opus-5-5 and claude-haiku-5-5 (default

effort, medium), through the Anthropic Message Batches API on 19 and 20 October 2026. Each

invoice was run three times under each prompt: 40 invoices × 4 prompts × 3 repeats = 480 calls per
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model per experiment, 1,920 calls in total. Every raw response is stored with its prompt hash, model

name and timestamp.

2.4 Scoring and analysis

Scoring rules were fixed before any model was run. Values are compared after normalisation (case,

spacing, punctuation, currency symbols and common UK date formats), so a correct answer in a

different format still counts; format compliance is reported separately. An invented value is a non-null

answer for a field that is not printed. A confident error is any wrong non-null answer.

Confidence intervals are 95% cluster-bootstrap intervals over documents (10,000 resamples).

Prompts are compared with exact McNemar tests on whole-document correctness, using the

majority answer across the three repeats, with Holm adjustment across the six pairs. Experiment 2's

primary outcome and analysis were written down and dated before any Experiment 2 data was

generated (available from the author on request). The plan was not lodged with an external registry;

"pre-registered" in this paper means fixed in advance in this way.

3 Results

3.1 Experiment 1: printed values are read correctly; missing values are invented

Both models read every printed field correctly under every prompt, on clean and messy invoices alike.

Rotated and low-quality scans caused no errors.

All errors came from the three invoices with no VAT line. Under prompts A, B and C, both models

returned a VAT figure every time (9 of 9 responses per prompt), equal to the total minus the net. Under

prompt D, both returned null every time (0 of 9) (Table 2).

Table 2. Experiment 1 results by prompt (40 invoices, three repeats).

A PLAIN B STRUCTURED C FEW-SHOT D SELF-CHECK

Whole-document accuracy, Opus 92.5% 92.5% 92.5% 100%

Whole-document accuracy, Haiku 92.5% 92.5% 92.5% 100%

Missing VAT invented (both models) 9/9 9/9 9/9 0/9

Date in requested format, Haiku 48% 100% 100% 100%

Identical answer on all 3 repeats, Haiku 68% 100% 93% 100%

With only three affected invoices, the difference between D and the other prompts was not

statistically significant (exact McNemar p = 0.25 for each comparison). This motivated Experiment 2.

The structured prompts did help in one practical way: with the plain prompt, Haiku returned dates in

the requested YYYY-MM-DD format only 48% of the time and gave the same answer on all three

repeats for only 68% of invoices. Structure improved consistency and format, not correctness.

3.2 Experiment 2: the self-check instruction cuts invented values

Across the 30 invoices with a missing field (90 responses per prompt per model; Table 3, Figure 1):
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Table 3. Experiment 2 invented-value rate on invoices with a missing field.

INVENTED-VALUE RATE A PLAIN B STRUCTURED C FEW-SHOT D SELF-CHECK

Opus 47% (42/90) 50% (45/90) 48% (43/90) 8% (7/90)

Haiku 39% (35/90) 43% (39/90) 40% (36/90) 9% (8/90)

Invented values on invoices with a missing field

Share of answers that filled in a field not printed on the invoice (90 per bar)

0%

20%

40%

60%

47%

39%

A. Plain

50%

43%

B. Structured

48%

40%

C. Few-shot

8%
9%

D. Self-check

Opus 5.5 Haiku 5.5

Figure 1. Invented-value rate on the 30 invoices with a missing field, by prompt (90 responses per bar). Only the self-

check prompt, which permits a null answer, reduced invention.

For Opus, prompt D produced the correct whole-document answer on significantly more of these

invoices than each of the other prompts (D correct where the other was wrong on 11 to 12 invoices,

the reverse on none; Holm-adjusted p ≤ 0.005 for all three comparisons). For Haiku the direction was

the same and the comparison with B was significant (Holm-adjusted p = 0.038); the comparisons

with A (p = 0.090) and C (p = 0.059) were not. Prompts A, B and C did not differ from each other for

either model.

The effect depended strongly on which field was missing (Table 4, Figure 2):

Table 4. Invented-value rate by which field was missing (prompts A to C pooled vs prompt D).

INVENTED-VALUE RATE BY CASE OPUS A–C OPUS D HAIKU A–C HAIKU D

Missing VAT 100% 0% 100% 0%

Missing invoice number 40% 23% 17 to 30% 27%

Missing invoice date 0 to 10% 0% 0% 0%
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Which missing field gets invented

Invented-value rate by missing field: prompts A to C pooled vs self-check prompt D

0%
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50%

75%

100%

Opus 5.5

100%

0%

VAT

40%

23%

Invoice number

4%

0%

Invoice date

Haiku 5.5

100%

0%

VAT

22%

27%

Invoice number

0% 0%

Invoice date

Prompts A to C Self-check D

Figure 2. Invented-value rate by missing field, prompts A to C pooled against prompt D. Missing VAT drove almost all

of the effect; missing invoice numbers were barely helped.

Missing VAT drives almost all of the effect. Without the instruction, both models always

calculated VAT as total minus net. With it, they never did.

Missing invoice number was barely helped. The invented "invoice numbers" were not made up

from nothing: they were the account reference printed elsewhere on the invoice (short codes such

as EF361), on the same few invoices each time. This happened even though prompts B to D

define the invoice number as "not a purchase order, account, customer… number". A wrong field

confidently mapped to the right label is the hardest error for a human checker to spot.

Missing invoice date was rarely a problem. Both models almost always left it empty; Opus

returned a date in 4 responses (3 under B, 1 under C).

3.3 The cost of caution

On the 10 invoices whose printed total did not add up, the correct behaviour is to report the printed

figures as they are. Opus did so under every prompt, every time. Haiku did so under A and B; under C it

once "corrected" a total; and under D it returned null for the total on 8 of 30 responses (5 of 10

invoices), withholding a figure that was clearly printed. The self-check instruction made the smaller

model over-cautious when the arithmetic check failed.

4 Discussion

What helps. The most effective change was one sentence giving the model explicit permission to say

a field is not there. This is an independent test of the vendor's own advice (Anthropic, n.d.), and it fits

the wider research on abstention, where instruction hints such as "answer the question only if

answerable" are an established way to reduce hallucination (Wen et al., 2025, Section 3.3.2). It is also

consistent with evidence that language models carry some signal about what they do and do not

know (Kadavath et al., 2022): here, both models recognised that VAT was missing as soon as they

were allowed to say so. Elaborate prompting, with a role, careful field definitions and worked
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examples, improved output format and consistency but did nothing for invented values, which is

consistent with the view that demonstrations mainly convey format (Min et al., 2022). A practical

reading: models are strongly inclined to complete the form, and they need to be told that leaving a

field empty is an acceptable answer.

The contrast with Gómez and Sánchez (2026), where few-shot examples helped a great deal, is

probably explained by the task. Their study measured accuracy across many fields on text versions of

the invoices, where errors in reading and mapping fields leave room for examples to help. In this pilot

the models read every printed value correctly, so the only errors left were values that were not there,

and examples of complete invoices give no guidance on what to do when a field is missing.

What does not. Prompting did not fix field confusion. When a plausible substitute was printed (an

account reference instead of an invoice number), even the best prompt let it through on about a

quarter of responses. Field definitions that explicitly excluded account numbers did not stop it. This

error type needs a check outside the model, such as a format rule for invoice numbers or a lookup

against the supplier's known numbering. Published extraction systems already use checks of this

kind: discarding any value that does not appear in the document's text (Perot et al., 2024), and

checking that each value appears verbatim in the text and that totals, taxes and line items add up

(Hemmer et al., 2025). A verbatim check alone would have caught every invented VAT figure in this

pilot, because a computed value never appears on the page.

Trade-offs differ by model. The self-check prompt had no downside for the larger model but made

the smaller model withhold correct values when the figures did not reconcile. Over-caution of this kind

is a known side effect of abstention techniques, including self-checking (Wen et al., 2025, Section 5).

The right prompt therefore depends on the model and on which error is more costly: a missing value

that a person fills in, or an invented one that nobody notices.

Implications for practice. For a business adopting AI extraction, the findings suggest four low-cost

steps:

1. include an explicit "return null if not printed" instruction;

2. test the system on documents with missing fields, not only on complete ones, because a test set

of complete documents would have shown near-perfect accuracy here;

3. add simple rule-based checks for the fields models confuse (invoice number vs account

reference);

4. re-test whenever the model or prompt changes.

5 Limitations

Synthetic documents of one type (UK invoices). Real invoices are more varied and may be harder.

Two models from one provider, tested at one point in time. Results may change as models are

updated.

A small sample: 10 invoices per case in Experiment 2, so rates for individual cases are indicative

only.

Results hold for these four prompt wordings. Language models can be highly sensitive to small

changes in prompt format, and that sensitivity differs between models (Sclar et al., 2024).
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Prompts were compared as whole packages. Prompt D adds both a null instruction and an

arithmetic check, and this design cannot separate their effects.

The few-shot examples were text transcriptions, not images.

This is an unreviewed pilot study by a single author.

6 Conclusion

In this pilot, both Claude models read printed invoice values perfectly but routinely invented values for

fields that were not there. A single instruction permitting a null answer cut invented values by about

80%, while standard prompt-engineering techniques had no effect on them. One error type, an

account reference reported as the invoice number, survived every prompt and needs a check outside

the model. The broader lesson for anyone deploying AI on documents is to test on what is missing,

not only on what is there.

Data and code availability

The synthetic invoices, prompts, raw model responses, analysis scripts and the Experiment 2 plan are
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