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ABSTRACT

Data entry errors pose a significant challenge in workflows in-
volving manual input of information from unstructured sources
into structured formats. These errors, often arising from fatigue or
oversight, lead to costly corrections and operational inefficiencies.
Existing approaches, such as input validation and independent re-
views, while valuable, are resource-intensive and fail to address all
error types effectively.

This paper introduces DocuBot, a system powered by large
language models (LLMs) designed to detect data entry errors early
in the process. By comparing natural language inputs with their
structured representations, DocuBot identifies inconsistencies,
flags potential errors, and, where possible, suggests corrections.
When validation is inconclusive, it prioritizes entries for human
review. This early detection reduces the reliance on traditional re-
view methods, thereby lowering compliance costs and enhancing
data integrity.

We evaluate DocuBot through a series of experiments, demon-
strating its high precision in error detection and its capacity to
streamline workflows that require human oversight. While not yet
suitable for full automation, DocuBot represents a promising step
toward minimizing the financial and operational impacts of data
entry errors.
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1 INTRODUCTION

Human data entry errors are a common source of errors in software.
Many information systems rely on humans entering data from an
unstructured source, such as a transcript or a legal text, into a
machine readable form (e.g., via a graphical user interface). Humans
get tired, lose focus, and are prone to making typos. The larger and
more complex the amount of entered data becomes, the more likely
it is that fatigue and boredom set in and data entry errors occur.

Literature offers many examples of data entry errors, their im-
pact, and the cost of correcting them. A more humorous example is
Erich vonWolf entering the iron content of spinach as 35mg instead
of 3.5mg [2] in 1870 which was only corrected in 1937 (and gave rise
to Popeye the Sailor). More serious examples include NASA’s Mars
Climate Orbiter where data from tables in pound-second units was
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mixed with data in newton-second units, which sent the orbiter
into a lower orbit and ultimately led to its destruction. Another
example is the New York Stock Exchange (NYSE) Decimalization
Error in 2001, where a stock was briefly traded at $112 instead of
$1.12 because of a decimal point entry error.

These examples demonstrate that data entry errors can be hard
to detect, expensive to correct, and often have real economic con-
sequences. Some data entry errors can be prevented with input
validation using techniques, such as schema validations, sanity
checks on the range of values, or using control sums to ensure that
multiple data entries add up. Unfortunately, some data entry errors
are still hard to catch with these techniques, as the entered data
may be plausible within its domain but still does not match what
was written in the original source.

Many jurisdictions have introduced legal requirements to im-
plement controls that can detect data entry errors, like the Sar-
banes–Oxley Act in the United States (SOX for short). A typical
control for SOX compliance is to require independent reviews by
multiple individuals to detect data entry errors.

While necessary, these independent reviews are not perfect, slow
down business processes, and are thus expensive. Often, reviewers
are scarce, and just as in code reviews [16], the entered data can sit
idle for hours or days until it is reviewed. Ideally, we would like to
detect as many data-entry errors as possible before data reaches the
reviewer to avoid unnecessary iterations and further slow-down of
the process.

In this paper, we report on an experiment where we use large
language models (LLMs) to reduce the cost of this manual review
process. We implement a system called DocuBot, that assists a
human when entering data from natural language document into a
graphical user interface (GUI). DocuBot takes as input the natural
language data and the json representation of the data that is entered
in the GUI. DocuBot then constructs a series of prompts from the
json representation and uses the LLM to ask if this data matches
what is stated in the natural language data. If the LLM is able to
confirm that the data matches, we provide a check mark, if a data
entry error is detected, we inform the human (where possible, we
provide a suggested fix), and if the LLM is inconclusive, we prioritize
the entry for human review.

We demonstrate the functionality of DocuBot on an example in
Section 2. In Section 3, we discuss how we generate LLM prompts
from structured data and how we process the LLM’s response to
provide feedback to the user

We conduct a series of experiments in Section 4, and discuss their
results in Section 5 to answer the following research questions:

RQ1 Is DocuBot sufficiently precise to detect data entry errors
without producing too many false alarms?
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RQ2 If DocuBot can detect data entry errors precisely, can we
use it to replace the human and automate the data entry
process entirely?

2 MOTIVATING EXAMPLE

We illustrate the concept of a pricing agreement and how we vali-
date it using the example in Figure 1. Here, we see an agreement
between a vendor and a buyer that sets the price of fruit under cer-
tain conditions. The agreement has a period during which it is valid
(here, the year 2025), some commitments where the buyer agrees
to minimum purchase volumes in terms of quantity and/or price,
and a set of specific rates that the vendor offers if the commitment
is met.

In an ideal world, the buyer would provide an API or a stan-
dardized interface to the vendor to share pricing agreements to
eliminate possible data entry errors by removing the human from
the loop. However, in practice, this is often not possible because
one buyer might want to interact with a variety of vendors that
have different representations for their agreements, and forcing
vendors to use a predefined API may create an unnecessary cost of
entry.

Instead, we want to make it easy for vendors to share agreements
in a more or less arbitrary format, and we have a human analyst
that reads the agreement and enters it into our system in a standard
json format, as shown in Fig 2.

The json schema provides generic building blocks for agree-
ments, such as rates and commitments, and provides some basic
types that are needed to express the relevant variables in an agree-
ment, such as dates, monetary values, and units.

In practice, such a json representation could be generated from
a general purpose UI, where analysts can click together the terms
they see in the agreement and enter the necessary values. Even this
relatively simple illustrative example already has 20 values that
need to be entered by the analyst. In practice, these agreements
are significantly bigger and can contain hundreds or thousands of
values that need to be entered by hand. At this scale, even a low
human error rate during data entry can have a significant business
impact.

To reduce the risk of human data-entry errors, we built DocuBot;
a system where analysts can specify a set of input validation ques-
tion templates for each node type in their json schema. When an
analyst enters a new agreement, DocuBot automatically instanti-
ates these question templates and prompts an LLM by providing
the input agreement and the generated set of questions.

Figure 3 shows how analysts specify a question template for
the node types AgreementPeriod and Bonus from our schema. For
each node type, the analyst provides a prompt that can be answered
with yes or no by an LLM. The prompt contains placeholders that
can reference concrete values in an agreement (via json-pointers).

DocuBot first prompts the LLM with the text of the input agree-
ment, and a short list of instructions, to answer questions with yes
or no tags in a specific format to allow DocuBot to parse the LLM
response more efficiently. Then the json representation provided
by the analyst is used to instantiate the question templates. Each
template can be instantiated multiple times depending on how often
this node type appears in the agreement. DocuBot then prompts

each question to the LLM and scans the response for the predefined
yes and no tags. If the LLM answers with a yes, we assume the
data entry was correct. If the answer is no, we flag it as a potential
data-entry error to the analyst including the full prompt output for
debugging. If the answer is inconclusive, we flag this element for
human review.

The instantiated question templates and corresponding LLM
responses for our example are shown in Fig 4. For the first question,
the LLM confirms that the dates of the agreement period match the
dates in the original document. One advantage of using an LLM
here is that these models tend to be good at comparing values, like
dates, even if they are not formatted in the same way.

For the second question, we instantiate the question template
for Bonus nodes with the relevant values for produces, quantities,
and units. Here, the LLM does spot a discrepancy between the json
data and the original input text: the agreement states that, for every
$100 spent on apples, the customer receives 5 lbs of oranges (which
is equivalent to $9.95 of oranges). However, the json data that was
used to populate the question template states that the buyer gets
only $5 worth of oranges for the same spent on apples. With a
minimum commitment of 2,000 apples this would result in a loss of
$99 for the buyer, or approximately 1% of the agreement value.

This example motivates why having using such question tem-
plates as a mechanism against data entry errors is interesting.

3 APPROACH

We implement DocuBot for the type of agreements discussed in
Section 2. DocuBot takes as input the textual and json representa-
tion of an agreement and a set of question templates. As output, it
produces a list of findings for each instantiated question that results
in an unexpected answer by the LLM, together with the relevant
node in the json document and the LLM’s output.

A question template (as shown in Figure 3) consists of a node type
in the json document on which the question will be instantiated,
a format-string representing the prompt, and a list of variables
for the format-string that are expressed as json-path expressions
relative to the matched node. For each question template, we find
all nodes in the json document that match the node-type in the
question template. Then, for each node, we resolve the values of
each json-path expression in the variables relative to the path of
the matched node. Finally, we insert these values in order into the
format-string to construct the instantiated question we want to ask
to the LLM.

Depending on the node-type and json representation of the
agreement, each question template may be instantiated multiple
times (or not at all), so the number of LLM prompts is not directly
correlated with the number of question templates that are provided
to DocuBot.

Question template design. DocuBot’s ability to detect data-entry
errors depends on the design of the question templates. For our
experiment, we follow the existing best-practices by providing at
least one in-context example [10] and a chain-of-thought (CoT) [19]
why this example should or should not be flagged.

Our question template is a super-set of the example shown in
Figure 3:
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Figure 1: Example of an agreement with a vendor. Such an agreement contains a period during which it is valid, a list of agreed

upon rates, and some minimum use/spend commitments for the agreement period. Agreements can also contain other clauses

such as price protection, etc.

1 {
2 "Agreement": {
3 "AgreementPeriod": {
4 "StartDate": "2025/01/01",
5 "EndDate": "2025/12/31"
6 },
7 "VendorIDs": [
8 "8f7b1a3e-6c2d-4f9d-b8a5-1e9d3f2c0e4b"
9 ],
10 "SpecificRates": {
11 "Apples": {
12 "Rate": 1.59,
13 "Unit": "unit"
14 },
15 "BagOfOranges": {
16 "Rate": 5.97,
17 "Unit": "lbs",
18 "UnitFactor": 3
19 },
20 "CherryGoodBag": {
21 "Rate": 12.02,
22 "Unit": "kg"
23 },

24 "Bonus": {
25 "PurchaseInterval": {
26 "Product": "Apples",
27 "Amount": 100,
28 "Unit": "USD"
29 },
30 "FreeResources": {
31 "Product": "Oranges",
32 "Amount": 5,
33 "Unit": "USD"
34 }
35 }
36 },
37 "Commitments": {
38 "UseCommitment": {
39 "Apples": 2000,
40 "Oranges": 3000
41 },
42 "SpendCommitment": 10000
43 },
44 "PriceProtection": true
45 }
46 }

Figure 2: The json representation of the agreement from Fig 2. This representation is typically generated via a UI where an

analyst encodes the details of the agreement.
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[
{
"NodeType": "AgreementPeriod",
"Question": "Does this have an agreement period from %s to %s?",
"Variables": ["/StartDate", "/EndDate"]

}, {
"NodeType": "Bonus",
"Question": "Does this guarantee a bonus of %s%s of %s for every %s%s of %s?",
"Variables": [

"/FreeResources/Unit",
"/FreeResources/Amount",
"/FreeResources/Product",
"/PurchaseInterval/Unit",
"/PurchaseInterval/Amount",
"/PurchaseInterval/Product"

]
}

]

Figure 3: We now define a set of questions for each node node type in our json schema used to store the agreement in Fig 2. The

questions consists of the node type they apply to, a format string, and a list of json pointers to the values for the format string.

DocuBot: Does this have an agreement period from 2025-01-01 to 2025-12-31?
Model: Yes, the pricing agreement explicitly states that the Agreement Period is from January 1, 2025 to December 31, 2025, which
corresponds to the dates 2025-01-01 to 2025-12-31.
DocuBot: Does this pricing agreement guarantee a bonus of $5 of oranges for every $100 spent on Apples?
Model: No, the pricing agreement specifies that the buyer will receive 5 lbs of oranges (not $5 worth of oranges) for every $100
spent on apples. The bonus is described in terms of weight (5 lbs), not monetary value. This is an important distinction, as the monetary
value of the bonus will depend on the current price of oranges, which is given as $5.97 per 3 lbs.

Figure 4: Simplified example of a conversation between DocuBot and a LLM. The prompts are generated by applying the

question template from Fig 2 to the json data in Fig 2. We can see how DocuBot sport the data entry error in the Bonus entry of

the json document. In practice, these prompts are more detailed which we will discuss in the following sections.

ruleId: example-of-rule-structure
context: >

An optional context to describe the problem
examples:

- input: >
An example agreement

question: >
An example question about the agreement

answer: The expected answer for this question
chainOfThought:

- expected thought 1
- expected thought 2

question: >
The actual question that we want to ask

nodeType: /Expected/Node
variables:

- /var1

The question template requires at least the a ruleId, a nodeType,
a question, and at least one variable. DocuBot then matches each
the nodeType in the json representation of the agreement. For each
matched node, it instantiates the format string in the question

with the values obtained by evaluating the variables relative to
the matched nodeType.

In addition, the question template can include a context, which
can be used to provide some general context about the task, and a
list of examples. Each example consists of an example input, the
question, for that input, the expected output, and an optional chain-
of-thought (CoT). The example input typically is an agreement or
fragments of an agreement. The question in the example should be
an instantiated version of the main question in the template, and
the expected answer should be what we want to see as an output.
The optional chain-of-thought in the example can be used to explain
step by step how we want to get from the example question to the
expected answer.

DocuBot expects the user to use specific {{YES}} and {{NO}}
tags in the answers of the example questions. These are the same
tags that DocuBot uses to parse the LLMs response to the main
question.

DocuBot is designed to construct a prompt that is adequately
formatted for the LLM and wraps examples, chain-of-thought de-
scriptions, the input agreement, and the actual question into the
format preferred by the LLM. This way, we can abstract the specifics
of the underlying model from the user. Internally, DocuBot relies
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on the Amazon Bedrock APIs to interact with the model, and uses
different configurations based on the selected model.

We give a full example of one of the question templates used in
Section 4 in Figure 5. One of the beautiful things about language
models is that things can be messy. It’s perfectly fine to only use
parts of an agreement in the example, and formatting and indenta-
tion does not really matter. The creator of the question template
can copy and paste these examples together with relatively low
effort, and just iterate the question design and the CoT instructions
a few time until it achieves the desired results. The author also does
not need to worry about the format of dates, numbers or currencies
since the LLM will be able to understand it either way.

We discuss the full list of question templates used in our experi-
ment, and the impact of using examples and chain-of-thought in
Section 4.

Security Consideration. Before we instantiate the question tem-
plates, we ensure that DocuBot only has access to the minimal
amount of domain specific information necessary. We implement a
pseudonymization algorithm (e.g., [3–5]) that consistently replaces
agreement specific values by tokens of the same format. For exam-
ple, the UUID of the Vendor ID in our example from Section 2 is
replaced by another UUID in the textual representation and the
json document.

4 EVALUATION

To evaluate DocuBot, we design 3 question templates; one for each
type of term shown in our examples in Section 2:

Period Checks if the dates AgreementPeriod match the agree-
ment period stated in the text. This rule uses 2 variables (for start
and end date), and it provides 3 examples with chain-of-thought.
The full version of Period is shown in Figure 5.

Commitment Ensure that each Commitment value, unit, and
periodmatch the textual presentation. In this rule we use 4 variables,
the unit and value of the commitment, and its start and end date,
and we provide 3 examples with chain-of-thought.

Rates Checks if the rates in SpecificRates and their respective
units match what’s in the agreement. Further, if the rates specify
a validity period, the rule also ensures that the dates match. In
this rule use 3 variables, the rate, and the start and end date of its
validity. We provide 4 examples with chain-of-thought.

For space reasons, we only include the template for Period in
Figure 5. The templates range from 69 lines (in yaml format) for
the Period template to 109 lines for the Rates template.

We try not to over-fit our question templates to the agreements
used in our experiments by using a different set of agreements for
testing when design the templates. However, a certain bias has to
be assumed.

4.1 Dataset

To evaluate if DocuBot is suitable to detect data entry errors, we
obtained a set of 50 expired agreements from an Amazon internal
team that interacts with external vendors. We chose expired agree-
ments because we know they that were ingested correctly. And we
chose them because we don’t experiment on live/active/production
data. For each agreement, we download the textual representation
and the corresponding json file.

On these 50 agreements, our question template Period matches
exactly 50 nodes (since each agreement has exactly one Agreement
Period node). Commitment matches 86 times since agreements can
make more than one commitment, and Rates matches 32 times,
since not all agreements specify a rate.

That is, between our 50 agreements, DocuBot will match on
50 + 86 + 32 = 168 nodes, and thus send 168 requests to the LLM to
check if the values under this node match the values in the textual
representation of the agreement.

Ground Truth. To ensure that this set of agreements is a suitable
ground truth, we perform a manual inspection of each text/json
pair with a domain expert where we validate that the entered json
data indeed matches the text in the agreement. That is, we ex-
pect DocuBot to report no findings for any of the three question
templates on this data set.

Mutated Data Set. To evaluate to ability of DocuBot to detect
data entry errors with our 3 question templates, we create mutated
versions of our ground truth. For each question template, we iden-
tify the matching node types in each json agreement. For each
matched node, we choose one of the variables in the template at
random, and identify the value in the json agreement that is ref-
erenced by the variable and mutate it. Date values get mutated by
adding a random temporal offset (e.g., +1 day or−3 years). Currency
values get mutated by either adding an offset to the numeric value,
or by replacing the unit of measurement (when available).

Using the ground truth, and the mutated ground truth, we can
now measure the precision. The mutation of the ground truth pro-
vides us with a fully labeled set of json agreements for each ques-
tion template to measure:

TP true positives, where DocuBot reports a data-entry error
for a mutated value.

FN false negative, where DocuBot fails to report a data-entry
error on a mutated value.

Further we use the ground truth to measure:

TN true negatives, where DocuBot does not report a data-entry
error on the ground truth. I.e., DocuBot matches on a node
type, and the LLM confirms that the values in the json rep-
resentation match those in the textual representation.

FP false positives, where DocuBot reports a data-entry error
on the ground truth.

4.2 Results

We run DocuBotwith our three question templates on the 50 agree-
ments and their mutated versions. As LLM, we use a Claude Haiku
3.5 model via Amazon Bedrock in its standard configuration. To
control for potential non-determinism in the response of the LLM,
we run each query 3 times, and we distinguish between unanimous
decisions where all 3 prompts yield the same answer, and majority
decisions where 2 out of 3 prompts yield the same answer. We did
not encounter any cases of inconclusive responses.

We only count LLM responses if they can be parsed by DocuBot.
That is, if the response contains a predefined tag, {{YES}}, we
count it as a negative because the the value in the question template
matches the textual input, and if the response contains a {{NO}},
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ruleId: PERIOD
context: >

I want you to check if an agreement specifies a given Agreement Period. You need to
ensure that the start and end that of the discount term match exactly the dates that
I will give to you.

examples:
- input: >

Agreement Period April 1, 2023 – March 31, 2026
Vendor ID 1234-5678-1234
Apples $100
Upfront Payment Contract Year 1: $5

question: >
Does this contract define an agreement period that starts on the date 2023/04/01
and ends on the date 2026/03/31?

answer: >
{{YES}}, the agreement defines an agreement period from April 1, 2023 to March 31, 2026,
which matches the
provided start date of 2023/04/01 and the provided end date 2026/03/31.

chainOfThought:
- The start of the agreement period April 1, 2023 matches exactly the expected start date of 2023/04/01
- The end of the agreement period March 31, 2026 matches exactly the expected end date of 2026/03/31
- Therefore the agreement period matches the expected dates and the answer is {{YES}}

- input: >
Agreement Period January 1, 2020 – December 31, 2020
Vendor IDs: 1234-5678-1234
General Discount 7.5%
Spend Commitment $5,500

question: >
Does this contract define a discount term that starts on the date 2020/01/01 and ends on the date 2020/11/31?

answer: >
{{NO}}, the agreement defines a agreement period from January 1, 2020 – December 31, 2020,
which does not match the
provided end date of 2020/11/31.

chainOfThought:
- The start of the agreement period January 1, 2020 matches exactly the expected start date of 2020/01/01
- The end of the agreement period December 31, 2020 does not match the expected end date of 2020/11/31
- Therefore the agreement period does not match the expected dates and the answer is {{NO}}

prompt: >
Does this contract define an agreement period that starts on the date %s and ends on the date %s?

match:
- $..AgreementPeriod

variables:
- /StartDate
- /EndDate

Figure 5: Abbreviated version of question template Period. For space reasons, we omit one of the example in the actual

template.
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Ground Truth Data Mutated Data Scores

TN majority
TN FP majority

FP TP majority
TP FN majority

FN Precision Recall F1

Period 50 0 0 0 49 1 0 0 1 1 1
Commitment 86 0 0 0 12 73 1 0 1 0.98 0.98
Rates 30 2 0 0 29 3 0 0 1 1 1
Total 166 2 0 0 90 77 1 0 1 0.99 0.99

Table 1: Results of running DocuBot for our 3 question templates over rounds. In total, DocuBot runs 168 LLM queries in each

round. For the categories true/false positive/negative, we distinguish between unanimous decisions, where all 3 rounds yield

the same result and majority decisions, where 2 out of 3 runs yield the same result.

we count it as positive, if both or neither are found in the response,
we count it as inconclusive.

On the ground truth we measure the true negatives (TN) and the
false positives (FP) and on the mutated ground truth we measure
true positives (TP) and false negatives (FN). That is, if all LLM
responses can be parsed we expect the sum of the true negatives
and false positives to add up to the total number of queries of 168,
and we expect the same for the sum of true positives and false
negatives on the mutated data.

The results are shown in Table 1. On the ground truth data, we
receive no false positives, and only 2 majority true negatives (where
1 out of 3 runs had a dissenting opinion) for our 168 prompts.

On the mutated data set we only receive 1 false negative of the
168 expected findings. For Period and Rates most decisions are
also made unanimous, where the LLM produces the same result in
all three runs. For Commitment, however, only 14% of decisions
are made unanimously and 86% are majority decisions.

In summary, DocuBot has a perfect precision score of 1 on our
data set and a recall of 0.99 as well as a F1 score of 0.99.

Impact of CoT and examples. We also want to understand the
impact that providing examples and the associated chain-of-thought
reasoning has on the usability of the question templates. To that
end, we re-run the experiment above, but we omit the CoT, or the
CoT and examples from the prompts respectively. Figure 2 shows
the results of this experiment.

Omitting examples or the CoT reasoning for examples does not
have an impact on DocuBot’s precision. No false positives are
introduced by omitting these additional instructions and only 2 out
of 168 prompts yield a result that cannot be mapped to a yes/no
answer (this means that model rambles about unrelated things
without emitting the specific yes/no tag that we demand in the
instructions).

However, we see a drop in DocuBot’s recall from 0.99 to 0.75 if
we omit the CoT reasoning and a further drop to 0.58 if we omit the
examples entirely. Period, which is arguably the simplest question
template loses 10% recall if no examples are provided. For Rates,
we see a 7% drop (1 prompt yields a false negative, and 3 more
prompts yield an inconclusive answer). The biggest drop in recall
is for Commitment which drops to 0.28 (not that, for computing
recall, we also consider cases where the LLM does not provide a
decision as false negatives).

Impact of the selected model. We further want to investigate
the effect of using a different LLM with DocuBot on our data
set. To that end, we repeat our first experiment of running our 3

question template on the 50 agreements and their mutated versions
for 3 rounds. This time, we use Meta’s Llama 3.2 3B Instruct and
the Llama 3.2 11B Instruct models. As in the first experiments we
include the examples and CoT in the prompt.

Results of running DocuBot with these models are shown in
Table 3. For the 11B parameter Llama model, we get a precision of
0.94, recall of 0.85 and an F1 score of 0.89. And as expected, we get
slightly lower results for the 3B parameter model with a precision
of 0.77, recall of 0.76 and an F1 score of 0.76.

4.3 Extraction of json with DocuBot

Finally, we want to know if DocuBot can be used to extract the
json representation from an agreement directly. If we can extract
the json instead of relying on human ingestion, we can further
shorten the related business process.

For this experiment, we modify our question templates and tell
the model to generate the json directly. In the examples, we show
a pair of textual agreement and the resulting json term(s) from the
ground truth. That is, in this configuration, instead of producing
yes/no answers, DocuBot produces a (potentially empty) list of
terms per question template for each agreement in our data set.

We evaluate the generated json against our ground truth as
follows: if DocuBot generates a json term for a question template
that exists in the json from the ground truth, we count it as a True
Positive. If the ground truth contains a json term that was not
generated by DocuBot, we count it as a false negative. That is, true
positives and false negatives combined add up to the 168 terms that
we used in the previous experiments. If DocuBot generates a term
that is not found in the ground truth, we count it as a false positive,
and if it does not generate a term for a question template and the
ground truth does not contain this term either, we count it as true
negative. Note that, if DocuBot creates a term with an unexpected
value it can be double counted as false positive (because it does not
match the ground truth), and as false negative (because the related
term in the ground truth does not match it precisely).

The results of this experiment using Claude Haiku are shown
in Table 4. For Period we obtain the best results with a high recall
of 0.94 and a precision of 0.78 and for Rates we have the lowest
precision and recall. These results are expected, as Period only has
two variables that need to be identified and every agreement has
exactly one period, but Commitment and Rates can occur multiple
times (or not at all) in the same agreement.

In the following we discuss the conclusion we draw from these
experiments.



STATIC 2025, 29 April, 2025, Ottawa, Canada Manusr et al.

Ground Truth Data Mutated Data Score
example
no CoT

no example
no CoT

example
no CoT

no example
no CoT

example
no CoT

no example
no CoT

TN FP TN FP TP FN TP FN P R F1 P R F1
Period 50 0 50 0 50 0 45 5 1 1 1 1 0.9 0.95
Commitment 86 0 86 0 24 7 24 1 1 0.28 0.43 1 0.28 0.43
Rates 30 0 32 0 28 1 30 0 1 0.87 0.93 1 0.93 0.96
Total 166 0 168 0 102 8 99 6 1 0.6 0.75 1 0.58 0.73

Table 2: The results of running experiments Table 1 without the CoT instructions or without the examples and the CoT

instructions on our data set, together with precision (P), recall (R), and F1 score. For computing the scores we count cases where

the LLM did not produce a response as false negatives.

Llama 3.2 11B Instruct Llama 3.2 3B Instruct
Ground Truth Data Mutated Data Ground Truth Data Mutated Data

TN mTN FP mFP TP mTP FN mFN TN mTN FP mFP TP mTP FN mFN
Period 49 1 0 0 47 1 0 2 26 5 15 4 37 6 3 4
Commitment 12 59 0 0 3 50 0 19 3 67 0 11 12 40 0 13
Rates 15 7 0 9 27 6 0 0 12 10 1 7 28 5 0 0
Total 76 67 0 9 77 67 0 21 41 82 16 22 77 51 3 17

Table 3: Re-run of the experiment from Table 1 using Meta’s Llama 3.2 11B Instruct and Llama 3.2 3B Instruct models. As before,

we aggregate the results over 3 runs of the LLM, and we distinguish between unanimous decisions and majority decisions. In

total, 168 prompts are sent to the models and we only count true/false positives or negatives if the model gives an answer that

can be parsed.

TP FN TN FP Precision Recall F1
Period 47 3 0 13 0.78 0.94 0.86
Commitment 60 26 19 18 0.76 0.70 0.72
Rates 13 19 26 22 0.37 0.41 0.39
Total 120 48 45 53 0.69 0.71 0.70

Table 4: Results of using DocuBot generating the json representation from the textual representation on our data set. Here, a

TP means that DocuBot correctly generated the expected json, and FN means the json ground truth contained a term but

DocuBot did not generate it. So TP and FN add up to the total number of 168 from our previous experiments. TN means that

it did not generate a term on an agreement where none was expected, and FP means it did create a term that did not have a

corresponding term in our json ground truth.

5 DISCUSSION

We discuss our research questions from the beginning of this paper
using the results from our experiments. Then we discuss gener-
alizability and threats to validity and some directions for future
work.

5.1 RQ1: Data-entry error detection

The main research question that we set out to answer is, if a system
like DocuBot can effectively detect data entry errors and thus help
shorten the human peer-review process.

In our target configuration, using Claude Haiku and question
templates with examples and CoT, and a best-of-three prompting
approach in Table 1, DocuBot delivers almost perfect scores on our
data set. Our experiments show that DocuBot has a reliably high
precision, even if we remove details from the prompt in Table 2,
or switch to smaller models in Table 3. As expected, recall (i.e., it’s
ability to detect data-entry errors) suffers if we use a smaller model
or omit examples or chain-of-thought reasoning.

Our main insight is that the DocuBot approach consistently
has a high precision across our experiments. This makes it easy
to integrate this approach into existing processes. Since DocuBot
rarely produces false positives, it can be integrated into a human
review process without causing distraction. Question templates
with low recall (i.e., it fails to detect data-entry errors), can be
gradually improved to provide incremental value to the human
reviewers.

Comparing the results of Claude Haiku, Llama 11B, and Llama
3B in Table 3 further suggest that model size tends to affect recall
more than precision, and that larger models perform better on the
same question templates.

More importantly, we are not aware of a comparable alternative
to a language model for detecting this type of data entry error. The
only other automation that we could identify is to use techniques
like controlled natural language to best-effort parse the textual
representation of the agreement. Compared to the low engineering
effort of writing a DocuBot question template (by just creating
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a yaml file), we do not believe that there is a more cost effective
technique to detect data entry errors.

Hence we answer RQ1 with yes; in our setting, DocuBot ef-
fectively detects data entry errors that would require iterations in
our human review process, while have almost no false positives
which would slow down the review process. Thus, DocuBot has a
net-positive impact on our processes.

5.2 RQ2: Agreement Generation

Our results of using DocuBot to generate json agreements in
Table 4 do not reach the same levels of precision and recall as
our results when detecting data-entry errors for RQ1. We see high
numbers of False Positives and False Negatives across all question
templates.

However, we also see 120 out of 168 (71%) terms where DocuBot
is able to create a correct term. That is, even our current version
could provide some cost savings by creating a first draft of the
agreement for the human analyst.

As with all LLM backed tools, it is difficult to say how much
of this result is due to poor prompt engineering on the side of
DocuBot, how much of it could be improved with a more ad-
vanced/specialized model, and how much of it could be improved
by making adjustments to the json representation of agreements.

In it’s current shape, we have to answerRQ2withno for DocuBot.
We still are confident that agreement generation can speed up our
processes by generating drafts, but, at this point, a human review
will still always be required.

5.3 Validity Considerations

We cannot claim that a system like DocuBot, which relies heavily
on a large language model, will generalize to other domains of
documents or for other representations of structured data. In our
experiments, we try to control for some of this by running multiple
iterations of the same query and by comparing more than one
model.

Our experiments give us confidence that DocuBot’s LLM-backed
approach to data-entry error detection works for our domain, and
that similar question templates can be written for other domains.
However, we are also confident that we could design a json repre-
sentation of the data that would be adversarial to our approach. E.g.,
if we store the agreement in a tabular format with rows containing
the commitment and credit for each calendar week (e.g. calendar
week 32 in 2024), our precision and recall might suffer, if the LLM
needs to convert from a specific calendar week to the date ranges
in the text for every prompt.

Similarly, there is always the threat to validity based on the size
of the data set (here 50) or the number of models used (here 3).
Since we are not claiming that DocuBot works for all domains, or
for any model, we see diminishing returns in further increasing the
data-set or the number of models.

Performance. We do not discuss the performance of DocuBot.
In our experiments, we did not experience any response time of
the LLM slower than 5 seconds. The main limiting factor in our
experiments is the availability of compute. Depending on the em-
ployed model, we are limited to 200 requests per minute, which
means that we have to run some queries sequentially for larger

batch processes. However, compared to the hours or days of delay
while waiting for a human reviewer to become available, compute
time is not a limiting factor in our setting.

5.4 Future work

Ultimately, we would like to use a system like DocuBot to fully
automate the data entry process. Our experiments in Table 4 show
that DocuBot is indeed able to generate over 70% of terms correctly,
which is promising, but still far from a full automation. While we
believe that this number can improve through more powerful mod-
els or better prompt engineering, we believe that DocuBot needs
to be extended with additional reasoning capabilities to ensure that
generated json is reasonably correct before presenting the gener-
ated output to a human. First, we want to investigate if DocuBot’s
data-entry error detection can be combined with the generation
capabilities to create a counter-example guided refinement during
generations. Further, we want to experiment with tracking which
parts of the textual representation are used during generation, to
get a notion of coverage during generation, and to experiment with
visual markers to accelerate human reviews.

6 RELATEDWORK

Our work intersects with several research areas: data entry error
detection, the application of LLMs to software engineering tasks,
and automated document understanding.

Data entry error detection. Traditional approaches to detect-
ing data entry errors have focused on statistical methods and rule-
based validation. Redman [14] provides a comprehensive overview
of data quality challenges, including data entry errors, estimating
that up to 5% of data entry fields contain errors. Early detection sys-
tems relied primarily on range checks, format validation, and cross-
field consistency rules [11, 13]. More sophisticated approaches in-
corporate machine learning techniques to identify anomalous en-
tries [15], though these typically require substantial training data
and careful feature engineering.

LLMs in Software Engineering. Recent years have seen grow-
ing interest in applying LLMs to software engineering tasks. Chen
et al. [7] demonstrated that LLMs can effectively understand and
generate code, while Dvivedi et al. [8] showed their potential for
documentation tasks. Particularly relevant to our work is research
by Wang et al. [18] on using LLMs for consistency checking be-
tween code and documentation.

The use of chain-of-thought prompting [19] and few-shot learn-
ing [6] has been shown to improve LLM performance on complex
reasoning tasks. Our work builds on these findings, applying similar
techniques to the specific challenge of data entry validation. Unlike
previous work that focuses on code-documentation consistency, we
address the broader challenge of validating structured data against
natural language sources.

Document Understanding and Information Extraction.

Automated extraction of structured information from documents
has been extensively studied. Traditional approaches employ tech-
niques like named entity recognition and relation extraction [1, 20],
while more recent work leverages deep learning models [17, 21].
However, these approaches typically require extensive training data
and are sensitive to document format variations.



STATIC 2025, 29 April, 2025, Ottawa, Canada Manusr et al.

Several commercial systems attempt to automate the extraction
of information from contracts and legal documents [9, 12]. These
systems often combine optical character recognition (OCR), natural
language processing (NLP), and domain-specific rules to process
and extract relevant data efficiently. While they can achieve high
accuracy for well-structured documents, they struggle with varia-
tions in format and language, leading to high maintenance costs as
document formats evolve [22].

Our approach differs from previous work in several key aspects.
First, we focus on validation rather than extraction, though our
results suggest potential for extraction applications. Second, we
leverage LLMs’ natural language understanding capabilities with-
out requiring extensive training data or rigid rules. Finally, our
system is designed to integrate with existing human review pro-
cesses rather than attempting full automation.

7 CONCLUSION

In conclusion, DocuBot demonstrates the potential of leveraging
large language models (LLMs) to enhance data-entry workflows by
identifying errors early in the process. While the system is not a
replacement for human oversight, its primary value lies in mini-
mizing costly iterations by preemptively addressing issues before
they reach human reviewers. This capability has the potential to re-
duce operational inefficiencies and streamline compliance processes
significantly.

Our findings show that DocuBotmaintains high precision across
various configurations, ensuring that human auditors are not over-
whelmed with false positives. Additionally, its recall can be further
optimized through targeted improvements, such as better question
templates and more advanced models, which enable incremental
adoption without disruptive process changes.

Future work will focus on enhancing DocuBot’s automating
data extraction tasks and reasoning capabilities and combining de-
tection with generation to create a more robust, self-improving sys-
tem. With continued refinement, we believe systems like DocuBot
can become indispensable tools for reducing the costs and complex-
ities of workflows that require human reviews.
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