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Abstract

Data scientists play a crucial role in linking
data to information. They derive insights from
data and then communicate those insights to
stakeholders, providing them with a holistic
view of the world the data describe. The typi-
cal data science process involves determining a
user’s information needs, mapping those needs
onto data and analysis, and then communicat-
ing findings in a form that is understandable
to that user. In this paper, we present an au-
tomated, neurosymbolic method, that mirrors
the data science process, for generating factual
documents from real-world datasets across a
wide range of domains. In order to generate
these factual documents, we utilize a suite of
standard analytics to derive the facts and a large
language model to express them fluently. Given
a dataset in the form of a relational database, we
use an analytics taxonomy to guide the produc-
tion of plans and execute these plans to derive
the necessary information from the database.
This derived information is then handed off to
a large language model to generate documents
which are both factual and highly fluent. To
evaluate this method, we generate 194 reports
across 17 types of documents and 8 domains.
We undertake a manual evaluation of these doc-
uments to determine the factual accuracy of
generated reports.

1 Introduction

There is a massive and ever growing amount of data
from which people seek to derive novel insights.
Data scientists engage in a process, shown in Fig-
ure 1, wherein they leverage their knowledge of the
data, its domain, and analytic algorithms in order
to produce contextualized information based on the
needs of a stakeholder. To do this effectively, the
data scientist must have a clear understanding of
what this user’s information needs are, how these
needs map onto data and analysis, and be able to
communicate their findings back to the stakeholder
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Figure 1: The data science process involves four key
steps: identifying the information needs of a stakeholder,
mapping these needs onto the available data and set of
analytics which can be performed, using these analytics
to derive the factual information from the data, and com-
municating the findings to the stakeholder with a written
report. We map the ways a human data scientist carries
out this process to how our automated, neurosymbolic
approach does.

in a way that is understandable. A computational
model of the data science process' would enable
its automation and allow more people and organi-
zations to derive insights from data, enabling better
data driven reporting and decision making.
Recently, a taxonomy has been developed to
model the analytic knowledge and processes that
data scientists use to analyze data (Sterbentz et al.,
2023). It provides a domain-independent taxonomy
of analytic operations and how these map onto data.
In order to effectively connect this taxonomy to
real data, a domain labeling is created which maps
tables and columns of relational data to entities,
attributes, and the relationships between these enti-
ties. Each attribute is given a specific attribute type
which specifies the analytic operations which can
use it as input to derive meaningful information. A
plan representation that is specified at the level of

'When we refer to data science, we specifically mean data
analysis and communication, whereas the data ingestion and
engineering steps are outside the scope of this approach.



this domain labeling was also introduced that de-
tails how to carry out this analysis with an analysis
execution engine.

This formalization of data analytics enable us to
model the information needs of a user by identify-
ing common patterns of information requirements
and mapping these to analytic plans. Executing
these plans results in a discrete set of facts which
must then be effectively communicated. One way
to do this is via a document that organizes and sum-
marizes these facts in an easily digestible manner.
Recent autoregressive models such as GPT-4 (Ope-
nAl, 2023) and Llama-2 (Touvron et al., 2023) have
demonstrated an immense capacity for producing
highly fluent and natural sounding text. By train-
ing on millions of documents, these models have
learned a latent encoding of the structure of such
documents. This property makes them an excellent
tool for communicating information in the form of
a document.

In this way, we seek to go from data to factual
documents grounded by this data. Recent meth-
ods in this area tend to operate on tabular data
which is embedded within documents (Puduppully
et al., 2019; Yang et al., 2021) or small-scale ta-
bles (Suadaa et al., 2021). In contrast to these ap-
proaches, our goal is to produce documents whose
information is grounded by large scale data stored
within relational databases. The scale of data we
seek to utilize means current end-to-end neural ap-
proaches (Sharma et al., 2022) are not sufficient
due to their limited context sizes. Our approach is
more akin to pipeline methods, such as (Kukich,
1983; McKeown, 1985; Reiter and Dale, 2000) in
which the system first determines what to say by
querying a knowledge or data source and then de-
termines how best to communicate its findings.

In this paper, we seek to exploit the structural
encodings of large language models in order to gen-
erate documents which are grounded by facts pro-
duced by a suite of analytics. In order to determine
how best to leverage these structural encodings
we first undertake an examination of the structure
of five broad classes of documents and character-
ized the kinds of information they tend to produce
by prompting a large language model to generate
125 reports and documents. This is discussed in
more detail in Section 3. Such documents will be
rife with confabulated information since they were
not conditioned with any facts as part of the input.
However, by identifying the types of information
that are characteristic of these classes of documents,

we can begin to identify what information should
be provided to these models in order to ground their
generation in fact. By providing these models with
the facts and information relevant to the domain
and data at hand, we hypothesize that these models
can leverage their encodings of structure to produce
language which is both highly fluent and adheres
to the truth.

Section 4 presents a neurosymbolic method for
modeling the data science process which enables
the automatic generation of truthful documents
grounded in real-world data. We leverage a taxon-
omy of data analytic processes and operations in or-
der to perform complex analyses against relational
data and derive key information. We define a set of
document types that specify the kinds of informa-
tion that would be useful to know about a particu-
lar entity. From these document definitions, plans
which specify how to derive this information from
the available data are produced and executed. The
results are converted to natural language using a
simple template-based technique which transforms
the results to a sentence that a language model
can use effectively. These results, along with in-
structions for generating the document, are joined
into a final prompt which is passed to the language
model. In order to ensure our approach is generaliz-
able to a variety of domains, we apply this method
to real-world datasets in 8 domains. In Section 5,
we undertake a manual evaluation of documents
generated with this method to determine how accu-
rate the claims are in the reports and how well they
adhere to the information that was derived from
the database. We find that our approach generates
reports whose claims are, on average, 83.5% fac-
tual, 2.5% refuted, and 13.8% confabulated. This
indicates that our approach produces documents
which strongly adhere to the underlying data while
maintaining a high degree of fluency.

2 Related Work

Factual Language Generation Pretrained lan-
guage models have shown a diverse range of adapt-
ability across different tasks (Brown et al., 2020).
They have been used to impressive degrees of ef-
fectiveness in law, medicine, education and other
domains. (Petroni et al., 2019) showed that lan-
guage models have the capacity of storing factual
knowledge about entities. Inspired by this obser-
vation, a line of work focused on creating more
effective probing techniques to elicit factual knowl-



edge (Jiang et al., 2020; Shin et al., 2020; Zhong
etal., 2021). Yet there have been challenges with
language models being factual, or ‘hallucinating’,
in a variety of settings including abstractive sum-
marization (Maynez et al., 2020; Zhou et al., 2021),
open-domain dialogue generation (Mielke et al.,
2022; Roller et al., 2021), generative question an-
swering (Li et al., 2021) and data-to-text generation
(Dhingra et al., 2019). As mentioned in the intro-
duction, our aim in this work is to utilize language
models as a fluency engine. Instead of relying on
it to correctly extract relevant facts, we prompt the
model with all the factual information needed to
complete the request.

Knowledge-Augmented Generation One of the
key methods to promote factual generation by the
language model is using an external knowledge
base to augment the language model (Shuster et al.,
2021). Such retrieval based methods started out as
simple vector-space retrievers (Chen et al., 2017),
and evolved into more end-to-end generation mod-
els where the retriever was jointly trained with the
generator (Lewis et al., 2021; Izacard et al., 2022;
Guu et al., 2020) which were shown to increase per-
formance in downstream tasks. Knowledge graphs
(Min et al., 2020), textual documents (Paranjape
et al., 2021), pre-processed vectors (Verga et al.,
2021), other language models (Shwartz et al., 2020)
and search engines (Nakano et al., 2021) have all
been used as external knowledge bases. Our work
differs from the above ones in that instead of a
learned or vector-space based retriever, we use an
analytics engine which implements an analytics
taxonomy and domain labeling to generate relevant
information for each report type and prompt the
language model with these generated facts.

Data-to-Text Generation A related task of data-
to-text generation where the goal is to generate
descriptions of structured data organized in tables
has been studied for a long time (Kukich, 1983; Re-
iter and Dale, 2000). Traditionally, template based
algorithms were used to build data-to-text systems
(Oh and Rudnicky, 2000; Stent et al., 2004; Kon-
dadadi et al., 2013), while recent approaches have
adopted the planning then generation procedure
(Su et al., 2021). However, our goals differ from
the standard data-to-text generation goals in two
key ways. First, our system focuses on end-to-end
generation of full fledged reports given any dataset
as opposed to description and summarization of
a small number of highlighted cells in the table.
Secondly, in the report generation process, we use

the facts that are not present in the table, but which
can be derived by taking advantage of the analytic
capabilities afforded by the taxonomy.

3 Document Encodings of Large
Language Models

In order to properly leverage the structure and flu-
ency that language models provide, we first need
to know what information is produced when the
model generates a report. By identifying this, we
can codify the information as an analytic plan tem-
plate that our system can use to produce actionable
plans to derive such information from the avail-
able data, and allow the language model to use this
during its generation of a particular document type.

We seek to identify the information characteris-
tics of 5 broad classes of documents: biographies,
trends over time reports, comparison reports, an-
alytic summaries, and performance reviews. For
each of these classes, we generate 25 individual
reports using GPT-4 with a temperature of 0. The
25 reports for each class were generated with a
prompt constructed by taking a cross product of
5 specific instantiations of the report type across
a variety of domains (to capture a broad range of
contexts the document could be written for) and
5 instruction sets (to control for prompt variabil-
ity affecting the final generation). A full listing of
the document types and prompt templates which
are combined to generate these documents can be
found in Appendix A.

In total, we manually examine 125 documents
generated by GPT-4 and analyze the information
that was commonly communicated by them. In
these reports, we identify factual claims being
made and cluster them into characterizations of the
information they present. These characterizations
are summarized in Table 1.

Within each of the document classes, the struc-
ture of the generations tends to be fairly consistent,
as does the kinds of information presented within
them. We notice a slight exception to this for the
Analytic Summary class, which has a greater vari-
ation in structure. We suspect this is due to the
variety of metrics used in different domains being
less consistent than, for example, reporting the date
of birth, profession, and impact of a person in a
Biography. As a result, when generating analytic
summaries, it is important to have access to the
analytics and metrics that are most appropriate for
the domain and data. The relative consistency in



Document Type

Information Characteristics

Biography

Properties of the focus entity, what they are known for, early life and interests, how this interest
led to their career, where and what they studied, achievements and awards, their impact on
their professional field with examples, impact outside of their professional field, details of their
personal life, and a statement of this person’s overall importance.

Trends over Time

Introduction to the trend topic and region, what the general trend is in a certain timespan, how
the trend has changed in recent years, factors causing the change in trend, explanation of the
connection between these factors and the trend, subsets of the data for which the trends may be
different, prediction of the trend in the future, effects of the trend continuing, and a conclusion
with a summary of the trend, future expectations, and actions to take.

Comparison Report

Identification of the subject to be compared, statement of the comparison type being made,
description of the subjects and how they relate to the comparison being made, the comparison of
the subjects with regards to both the metrics and sub-metrics, statistics and evidence to back up
these comparisons, and a concluding statement summarizing the similarities and differences of
the subjects.

Analytic Summary

Introduction to the topic, why it is important, what factors may influence it, traits of the topic (e.g.
facts, metrics, definitions, strengths and weaknesses), and a concluding statement summarizing
what the topic is, measures of success or failure, and actions to be taken.

Performance Review

Identification of the subject being evaluated, their position/status, the period of time for the
review, the report’s purpose, review of the subject’s performance in a variety of areas (for each of
these a general statement on the level of competency was given along with supporting evidence
and how they compare against similar entities), identification of the areas for improvement, a
summarization of the subject’s strengths and weaknesses, a recommendation for resolving the
weakness, and prediction of how this subject will perform in the future.

Table 1: The five broad classes of documents we generate with the LLMs during our exploration of model encodings
and the information that tend to be present. We find that there is a consistent structure for documents within each
type, albeit less so for analytic summaries. This indicates that the model has a latent encoding of document structure
and can be leveraged by conditioning the model with information grounded by real-world data, rather than producing

confabulations with an unconditioned model.

structure and information presented indicates that
this model has some latent encoding of document
structure. We hypothesize that we can leverage
this encoding by deriving similar kinds of infor-
mation from a database and condition the model’s
generation with this information.

4 Factual Document Generation

The final output of the data science process we de-
scribe is a factual document which is grounded by
the data and communicates key insights and infor-
mation. In this section, we describe the neurosym-
bolic method which automates this process. The
architecture for this approach is shown in Figure 2.

4.1 Analytics Taxonomy

For representing the analytic knowledge and pro-
cesses that data scientists utilize, we adopt the an-
alytics taxonomy presented by (Sterbentz et al.,
2023). This taxonomy provides a model for speci-
fying conceptual types for data and mapping these
to relevant analyses via the taxonomy. A comple-
mentary domain labeling is also adopted which pro-
vides a means of specifying how the data is mapped
to the conceptual types specified in the analytics
taxonomy. These are used in tandem to model the
way data scientists utilize their knowledge of ana-

lytic operations, underlying data types, and domain
knowledge in order to determine what analyses can
and should be performed with the data.

We also make use of the analytics engine pre-
sented in (Sterbentz et al., 2023) in order to exe-
cute analytic plans against data. This is used as a
mechanism by which our method can derive factual
information from data. This analytics engine maps
analytic plans, specified at the domain level, to the
equivalent SQL queries against the underlying data.
The execution of these plans ultimately provides
the raw information to be communicated as part of
a document.

4.2 Information Requirements

In order for documents to be generated, the in-
formation to be conveyed must be identified and
produced by analyzing the data. To accomplish
this, we produce a set of analytic plan templates
for each document type that we seek to generate.
Together these plan templates constitute the infor-
mation requirements for a document. These doc-
uments typically focus on a single entity instance,
and the plan templates are filled with the specific
entity being described by the document along with
the attributes to be analyzed.

The information requirements for a document
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Figure 2: Our method leverages an analytic taxonomy and domain labeling to define the analytics that can be
performed in terms of the entities in the database. A user inputs an entity instance for a desired document, for which
the system will produce a corresponding set of analytics, execute it, produce factual statements based on the results,
compile these into a prompt, and pass this to a language model to generate a report.

consist of properties about a particular entity in-
stance, aggregations over its attributes, and time
series of any event sequences. It is important that
these reports convey relevant context with which to
ground the information they provide about the fo-
cus entity. Doing so provides a more holistic view
of the focus entity that supports a reader’s under-
standing of the subject. To this end, we seek to pro-
vide aggregations over all entities of the same type,
aggregations of similar entity instances according
to a specific attribute, and rankings according to
a specific attribute or aggregation. For example,
the information requirements for a document fo-
cused on the income trends for a specific county in
Illinois would include the name of the county, the
resident population and median income for each
year, and a calculation of the per capita income
for the county. Each of these map to an individual
plan produced from the corresponding analytic plan
template. These plans are then executed with the
analytics engine to produce the desired information
to communicate with the language model.

4.3 Generation of Factual Statements

The analytic plans produced from the information
requirements are ultimately converted to a SQL
query against the underlying data, and the results of
executing such queries are formatted as raw tables
of data. The columns of these tables are depen-

dent on the underlying data and can contain names
which are difficult to interpret, such as those with
abbreviations, underscores, and acronyms. Rather
than relying on the language model to interpret
these column names, we aim to provide the model
with sufficient details about the analysis performed
and the data being operated on. To achieve this, we
leverage the knowledge provided by both the an-
alytic taxonomy and the domain-specific labeling
that specify simple language templates for analytic
operations, descriptive names for entity attributes,
and units for the attributes.

This linguistic knowledge is utilized during a
recursive traversal of the analytic plan graph to
generate human-readable sentences that describe
what the results are. We structure these factual
statements via two distinct generation modes and
produce statement templates which the query re-
sults are slotted into.

4.3.1 Per Row

The first generation mode results in one factual
statement per row of results. This mode has the
benefit of being more human-readable, but is ver-
bose and can be difficult to fit in the context size
of some language models. The following is an
example of two of the factual statements which
were generated with this mode from the results of
executing an analytic plan:

The state is AK and the count of unique incident



id grouped by state is 6.

The state is AL and the count of unique incident
id grouped by state is 61.

Note that each row from the results would be
given its own statement, resulting in as many state-
ments as there are rows of results.

4.3.2 Per Plan

The second generation mode results in one factual
statement per plan. This mode produces statements
that are more tabular, but contain descriptive names
and units for the results, thus making the context
suitable to fit within smaller context limits. But
this comes at the cost of human readability, and
all rows of results are ultimately compiled into a
single statement. The following is an example of
one factual statement generated with this mode that
contains all results from executing an analytic plan:
The state and the count of unique incident id
grouped by state is AK and 6, AL and 61, ...

4.4 Prompt Generation

Once a set of factual statements is generated, the
system builds a prompt based on these facts and
the type of document to produce. The final prompt
is then passed to the language model to generate a
fluent document for communicating the derived in-
formation. Our prompt consists of three key parts:
(1) A description of the document to generate. Each
document type has a short description that is used.
(2) Instructions for the model on how the report
should be generated. For example, "Generate a
well-worded report." and "Use only the facts pro-
vided in the context." These instructions help steer
the model towards fluency and factuality, respec-
tively. (3) A set of factual statements.

5 Evaluation

In this section, we evaluate our approach for gen-
erating fluent and factual documents grounded by
large scale data. We perform a manual evaluation
of documents which are generated by our method.

5.1 Datasets and Domains

One of the key desiderata of our system is its abil-
ity to scale across a wide range of domains. To
that end, we evaluate it over 9 datasets spanning 8
domains: healthcare, environmental sustainability,
urban housing, criminal justice, education, legal
and judicial, socioeconomic, and business. A sum-
mary of the datasets can be found in Table 4 in

Appendix B. For each of these datasets, we gener-
ate a domain labeling that connects the data to the
domain-independent analytics taxonomy. Based
on the information characteristics identified in Sec-
tion 3 and the data available in these datasets, we
determine 17 document types to generate and the
information that is to be derived for each. A de-
tailed listing of the document types can be found
in Appendix C.

5.2 Generating Analytic Documents

Each document type is focused on an entity. For
example, the Case Summary document is focused
on a specific instance of a legal Case. Three of the
report types have only one instance of their entity of
focus (Handgun and Rifle Comparison, Summary
of Shooting Incidents, and National Housing Price
Trends). For each of the other 14 document types,
we randomly select 5 instances of the focus entity
with which to perform the document generation.

Two recent large language models were used for
generating the documents: GPT-4 (OpenAl, 2023)
and StableBeluga-2 (Mukherjee et al., 2023). For
the latter, we utilized a version? which had its 70
billion parameters quantized to 4-bits following the
method in (Frantar et al., 2023). Note that via some
brief experimentation with prompts, there were
slight wording differences in the instructions pro-
vided to these models. For GPT-4, we found that
instructing it to "Generate a 500 word report..." con-
strained it to generate brief, but factual documents.
For StableBeluga-2, we observed that instructing it
to "Generate a well-worded report..." reduced con-
fabulation, while still generating fluent and factual
documents. Additionally, there were some tech-
nical limitations with fitting the prompts into the
4K context window of StableBeluga-2. As a result,
for StableBeluga-2 all of the per row prompts and
some of the per plan prompts were too long for its
4K context window.

In the end, we generated 194 documents for eval-
uation, with 146 of them being produced by GPT-4
and 48 from StableBeluga-2. Some examples of
documents generated with this method are shown
in Appendix E.

5.3 Human Evaluation of Factuality

The key metric for evaluating the documents pro-
duced by our method is the percentage of claims

Zhttps://huggingface.co/TheBloke/StableBeluga2-70B-
GPTQ



in the generated documents supported by the fac-
tual statements provided as input by the analytics
engine. We opted to ignore the fluency of the out-
puts as this is a highly subjective feature of the
text and makes comparisons against other outputs
difficult to measure. To determine the percentage
of claims supported by the input factual statements,
we perform manual evaluation. This process was
carried out in two steps: claim identification and
claim classification.

5.3.1 Claim Identification

We define a claim as any assertion of truth in-
volving some retrieval or analytic processing of
information from the data. Interstitial writing that
provides a transition between content, titles, and
broad introductions to the report are not considered
claims. When identifying statements in the docu-
ment as claims, we ignore ambiguous claims. That
is, if the context of the claim directly impacts the
truthfulness of the claim, we do not consider this
a claim. For example, within the sentence "The
temperature fluctuated greatly between 78 and 90,"
there would be two claims: that the min temper-
ature was 78 and the max was 90. However, the
statement that the temperature fluctuated greatly
requires a subjective judgment of what it means to
fluctuate greatly according to some metric. There-
fore, this would not be marked as a claim. Using
these definitions, we manually examine each gener-
ated document and identify the claims being made.

5.3.2 Claim Classification

Once a claim has been identified, we need to de-
termine which of the following mutually exclusive
categories this claim belongs to based on the factual
statements provided to the language model.

Factual: The claim is directly stated by a fact
in the context, or the claim can be directly inferred
from the facts in the context via an unambiguous
analytic process.

Refuted: The claim is directly refuted by a state-
ment in the context, or the claim could be directly
inferred from the facts in the context via an unam-
biguous analytic process, but is incorrect.

Confabulation: The claim is not directly pulled
from the facts in the prompt, or is not inferred from
the facts in the prompt.

Note that the Confabulation category includes
subjective statements or conclusion (e.g. "We
should be doing...", "This should be done...", etc.)
and definitional statements that are not provided

Factual | Refuted| Confab.
Per 0.84 0.03 0.13
Gen.
Mod Plan
%%¢ Per [083 | 001 |0.16
Row
Model fPT— 0.84 0.01 0.15
SB-2 | 0.84 0.07 0.09

Table 2: Scores in the table are percentage of total
claims. Note that SB-2 is StableBeluga-2. Both models
had similar factual accuracy, but GPT-4 had a greater
tendency to confabulate, while StableBeluga-2 had a
greater tendency to produce erroneous statements.

to the language model in the context. It is impor-
tant to note that not all confabulations are bad. If
the model were to define standard deviation in the
document, this can be a useful piece of informa-
tion. However, we do not want to rely on the model
to present this, especially if these definitions are
inadequate or imprecise. Rather, this is an indica-
tion that we should seek to present this definition
directly to the model. Furthermore, although this
is related to the term hallucination, widely used in
the literature, we intentionally avoid using the term
ourselves because our definition of confabulation
differs from the multiple ways hallucination has
been defined already.

5.4 Results

In this section, we present some key quantitative
and qualitative findings from our manual eval-
uation of the reports generated by GPT-4 and
StableBeluga-2. Figure 3 shows the percentage
of claims in the generated reports which were fac-
tual, refuted, or confabulated. It is broken down
by domain to show the results for each of the 8
domains separately. The results for each domain
includes multiple types of reports as well as reports
generated by each of the two language models. For
all domains we can see a high percentage of factual
claims ranging from 69.6% for the criminal justice
to 92.3% for healthcare. Exact values can be found
in Table 6 in Appendix D.

Majority factual statements As shown in Ta-
ble 2, more than eighty percent of claims made in
the reports by either GPT-4 or StableBeluga-2 are
factual. Although the fraction of factual claims are
slightly higher for StableBeluga-2, we found that
reports generated by GPT-4 contained more infor-
mation as indicated by the 31.44 average number
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Figure 3: A breakdown of the percentage of claims which are factual, refuted, or confabulated for each of the 8
domains. These results are an aggregation of reports generated by both models (GPT-4 and StableBeluga-2).

of claims made by GPT-4 per document vs 14.94
by StableBeluga-2. This discrepancy is likely due
to the limited context size of StableBeluga-2 pre-
venting it from generating documents for which
large amounts of information was derived from the
data. Regardless of this, both models demonstrated
a strong ability to adhere to the given set of factual
statements when writing the documents.

Useful Claims It is difficult to objectively eval-
uate each claim made in the reports on their use-
fulness. However, qualitatively, we found more in-
stances of vacuous factual claims in StableBeluga-
2’s reports. For instance, in a national rent trends re-
port, it states "When looking at the average monthly
rent by region name, we can see that some areas
are more expensive than others.” This indicates
that, particularly from the GPT-4 model, statements
made in the generated report are not only factual,
but also tend to present insightful information.

End of Reports We found that often GPT-4
tended to end its reports by trying to frame the
report in a larger context. This often led to confab-
ulation. For instance, in a report about wildfires
in California, it concludes with "The state’s wild-
fire situation is generally more severe than the na-
tional average, highlighting the need for effective
fire management strategies in California." State-
ments like these indicate that it may be useful to
provide the model with high level concluding state-
ments as part of the input context in addition to the
facts derived via data analysis.

Above and Beyond GPT-4 had a tendency to
format data nicely (i.e. 22:57:00 to 10:57 PM,
10:51:00 hours to 10 hours and 51 minutes), while
StableBeluga-2 tended to parrot the input back
more closely. At the moment, the documents

contain examples of the model performing aggre-
gations, comparisons, and inferences on its own.
While the formatting is desirable, our goal is to
move away from the model-based analysis by seek-
ing to provide these analytic statements and use
the model as an engine for generating fluent lan-
guage only. It is left as future work to determine
how best to prevent the models from making these
ungrounded inferences.

6 Conclusion and Future Work

In this paper, we present a neurosymbolic method
for modeling the data science process. This method
generates factual documents based on information
derived from real-world datasets across a wide
range of domains. This method mirrors the one
utilized by data scientists to derive and communi-
cate meaningful information from data. A suite of
analytics was used to derive the information, and a
large language model was used to express them in
fluent language. We validate this approach by gen-
erating and then manually examine 194 documents
coming from 17 document types and 8 domains for
factual correctness. We find that this method results
in just 2.5% of claims in the generated documents
being refuted by the data.

In the future, we aim to build an automated plan-
ner that is capable of utilizing the data directly
when making decisions about what information is
most meaningful to derive and communicate. We
also intend to develop automated methods for fact
checking the documents with the goal of using this
as a feedback signal for a learning algorithm that
we can use to improve the generation.



Limitations

A limitation to our document generation approach
is that, in the system’s current state, a set of in-
formation requirements must be specified for each
new type of document able to be generated by the
system. For example, adding a "salesperson perfor-
mance review" document class would mean speci-
fying a new set of plan templates to fulfill the infor-
mation goals of this report (e.g., plan templates that
retrieve total sales for that salesperson, a compari-
son of those sales with the trend of their past sales,
a comparison to other similar salespersons, etc.).
Our immediate next steps on improving this system
include the development of more generalized infor-
mation requirements that scale across many report
types and a planner that can automating determine
which information requirements to use based on a
user’s utterance.

Another decision made in our document gener-
ation method that makes it somewhat limited is
our reliance on the LLM to encode the structure
of the report type rather than controlling for this
ourselves. While we do consider this somewhat
desireable, as it prevents us from having to define
an explicit structure for each new type of report we
wish the system to generate, it also means that we
have little control over the document structure and
as such, the quality and coherence of the structure
depends on how well it is encoded in the LLM.

Ethics Statement

In this work we present a system that automates the
process of generating documents from data, using
a taxonomy of analytic operations to aid in guiding
what information gets presented in the report. Of
the 9 datasets on which our system was evaluated,
8 of them are publicly available and the other is
scheduled to be publicly available in the coming
months.

Additionally, while the aim of our system is to
ground automatically generated reports in fact, par-
ticularly as compared to an unguided LLM, the
system does not preclude the generation of reports
from factually flawed data. As such, it is contingent
on the system’s user to verify accuracy of the data
fed to the system.

For reproducibility purposes, we plan to publicly
release our code repository in the near future.
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A Prompts for Document Encoding
Exploration

When examining the information characteristics of
documents generated by a large language model,
125 individual prompts were used to create the
same number of documents. The specific instances
of each of the five document types can be found in
Table 3. Each of these were slotted into to replace
{report} for each the following prompt templates:

* Generate a 500 word {report}.

Within 500 words, please write a {report}.
* Please write a 500 word {report}.

* Give me a {report}using a maximum of 500
words.

* Please compose a {report}. Limit the report
to 500 words.

B Datasets

Table 4 lists the 9 datasets with brief descriptions,
in the 8 domains across which we evaluated our
system.

Air Data The Air Data (United States Envi-
ronmental Protection Agency, 2015) provides a
yearly overview of Air Quality Index (AQI) mea-
surements, which assess the overall air quality by
considering various air pollutants in a specific ge-
ographic region, such as counties or core-based
statistical areas (CBSA). These summaries offer
a combination of qualitative information, like the
number of days with "good" air quality, and quanti-
tative data, such as the median AQI value. The
availability of these summary values can differ
from one area to another due to variations in moni-
toring stations for different pollutants.

Wirdfire Occurrence The Wildfire Data (Short,
2022) is a comprehensive collection of informa-
tion regarding wildfires in the United States span-
ning from 1992 to 2020. This dataset comprises
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Document Type Dataset

Biography of a fictional actor
Biography of a fictional politician

Biography Biography of a fictional academic

Biography of a fictional company or organization

Biography of a fictional athlete

Summary of a patient stay at a hospital
Summary of political contributions for a political party

Analytic Summary

Summary of fundraising performance for a politician

Analysis of the correlation between academic expenditures and student performance
Summary of air quality and pollutants for a city

Housing price comparison report for two metropolitan regions
Report comparing the air quality comparison for two counties

Comparison Report
shootings
Report comparing two judges

Report comparing the statistics associated with the usage of handguns vs rifles used in school

Report comparing the poverty levels of two counties

National housing price trends report
Housing price trends for a metropolitan region

Trends over Time

Academic performance trends for an individual student

Wildfire occurrence trends in the United States
Air quality trends for a county in the United States

Performance report for a salesperson

Performance report for a doctor

Performance Review Performance report for a business

Performance report for a community of businesses
Progress report for an individual student

Table 3: A listing of each document instance type that was slotted into the prompt templates. Note that many of
these document instance types correspond to the 17 document types we tested our method with in Section 5.

2.3 million records that are geographically refer-
enced and represents 180 million acres of land that
were consumed by wildfires over the course of 29
years. Additionally, it contains unique identifiers
that enable the connection of individual wildfire
data points to larger fire perimeter datasets and op-
erational situation reports, providing a holistic view
of the wildfire incidents.

MIMIC-IV-ED-Demo The Medical Informa-
tion Mart for Intensive Care (MIMIC-IV-ED)
database (Johnson et al., 2023) is a comprehen-
sive repository of critical care data that includes
information from more than 40,000 patients. The
data has been deidentified to remove any patient
identifiers in compliance with the Health Insurance
Portability and Accountability Act (HIPAA) Safe
Harbor provision, ensuring patient privacy. The
data in MIMIC-IV-ED is derived from patients who
were admitted to intensive care units at the Beth
Israel Deaconess Medical Center (BIDMC).

Zillow Observed Rent Index The Zillow Ob-
served Rent Index (Zillow Group, Inc., 2023) is
a rental price index designed to accurately repre-
sent the entire rental housing market, rather than
just the properties currently listed for rent. This
index assigns dollar values by averaging the rents
of homes and apartments that fall within the 40th
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to 60th percentile range for a specific region. It
covers national, metropolitan, county, city, and zip
code levels, with appropriate weighting to ensure
it reflects the overall rental housing stock.

School Shooting Incidents This dataset (Center
for Homeland Defense and Security, 2023) encom-
passes information regarding shooting incidents
that have occurred from the start of 1970 up to June
2022. These incidents encompass a broad range
of situations, including instances where firearms
were displayed, discharged, or where bullets struck
school property, irrespective of the number of casu-
alties, the time of day, or the day of the week.

Illinois Report Card This dataset (Illinois State
Board of Education, 2022) is an annual report pub-
lished by the Illinois State Board of Education. It
provides information about the progress of the state,
individual schools, and districts in achieving vari-
ous educational objectives, as well as school fund-
ing information at the state and federal level. The
report offers a comprehensive overview of student
and school performance to assist families and com-
munities in understanding and aiding their local
schools.

SCALES SCALES-OKN (Paley et al., 2021) uti-
lizes two primary datasets: PACER, which serves
as the official source for electronic federal judicial



records, and the Federal Judicial Center’s (FJC)
database containing information about federally
appointed judges. The SCALES-OKN dataset in-
corporates specific docket reports from PACER,
encompassing ten years of docket data from North-
ern Illinois district courts between 2007 and 2016,
as well as docket reports from all district courts for
the year 2016. Additionally, it includes a variety
of judge-related metadata, such as birthdate, gen-
der, race/ethnicity, appointment history, appointing
parties, educational background, and professional
career details.

Income Disparity The Personal Income by
County, Metro, and Other Areas report by the U.S.
Bureau of Economic Analysis (U.S. Bureau of Eco-
nomic Analysis, 2022; U.S. Bureau of Labor Statis-
tics, 2023; U.S. Census Bureau, 2022b,a,c) pro-
vides information about the earnings of individuals
residing in specific geographic regions, such as
counties and metropolitan areas. This data reflects
the income received by these residents or on their
behalf, offering estimates based on their place of
residence.

Yelp Open Dataset The Yelp Open Dataset
(Yelp Inc., 2023) is a collection of Yelp’s data,
including reviews, information about businesses,
and user data. It’s available for personal, educa-
tional, and academic use. This dataset was com-
piled by Yelp and at the time of collection in-
cluded 5,996,996 reviews, details about 188,593
businesses, and 280,992 pictures from the Yelp
platform.

C Generated Document Types

As part of our evaluation, we generate 17 differ-
ent kinds of documents across 8 domains: health-
care, environmental sustainability, urban housing,
criminal justice, education, legal and judicial, so-
cioeconomic, and business. A summary of all 17
document types that were generated as part of the
evaluation of our neurosymbolic method are shown
in Table 5.

C.1 Healthcare

Within this domain, we generate two unique kinds
of reports: Patient Visit Report and Subject Report.

Patient Visit Report This report provides a sum-
mary of a single visit to the emergency department.
Features which are reported on include: the visit
duration, the arrival transport, patient triage infor-
mation, their diagnosis, the number of vital signs
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which were taken during the visit, and times series
of vital signs for heartrate, temperature, oxygen
saturation, systolic blood pressure, and diastolic
blood pressure.

Subject Report This report provides a summary
of all visits made to the emergency department
for a single patient. Features which are reported
on include: personal characteristics of the subject,
the number of stays they’ve had in the emergency
department, and time series of their stays which
denotes the stay id, intake time, duration of the
stay, the acuity level, and diagnosis for each of
their stays.

C.2 Urban Housing

Within this domain, we generate two unique kinds
of reports: MSA Housing Price Trends and Na-
tional Housing Price Trends.

MSA Housing Price Trends This report pro-
vides a summary of housing price trends for
a particular metropolitan region of the United
States. Features which are reported on include:
the name of the region, its size ranked against other
metropolitan areas, the region type, the most recent
rent price reported for this area, a complete time
series of the rent over the years, and the percent
difference between this area’s rent and the national
average.

National Housing Price Trends

This report provides a summary of overall hous-
ing price trends in the United States. Features
which are reported on include: the most recent
national rent price average, a time series of the
average rent across the country, the three regions
with the highest average rents, and the three regions
with the lowest average rents.

C.3 Criminal Justice

Within this domain, we generate three unique kinds
of reports: Summary of Shooting Incidents, Shoot-
ing Incident Report, and Handgun and Rifle Com-
parison.

Summary of Shooting Incidents This report
provides a summary of all gun-related incidents on
school grounds for a single county, district, or state.
Features which are reported on include: the total
number of incidents reported, the number of inci-
dents involving a handgun, the number of incidents
involving a rifle, the number of shootings reported
for each state, the number of shootings reported
for each school level, and the number of shootings
reported for each time period.



Domain

Dataset

Description

Air Data

The Air Data (United States Environmental Protection Agency, 2015)
summarizes annual Air Quality Index (AQI) values for geographic
areas, including qualitative measures and statistics, with availability
varying due to monitoring station coverage.

The Wildfire Data (Short, 2022) provides 2.3 million geo-referenced
records on U.S. wildfires from 1992 to 2020, covering 180 million
burned acres with key identifiers for data linkage.

MIMIC-IV-ED (Johnson et al., 2023) is a deidentified critical care
database from BIDMC with 40,000+ patient records, organized mod-
ularly for easy access to diverse data sources while complying with
HIPAA Safe Harbor.

Zillow Observed Rent Index (Zillow Group, Inc., 2023) is a representa-
tive dollar-denominated rental index, calculated from listed rents in the
40th to 60th percentile for all housing types in various regions.

The dataset (Center for Homeland Defense and Security, 2023) covers
publicly available data on shooting incidents from 1970 to June 2022,
including any instance of gun brandishing, firing, or bullets hitting
school property, regardless of outcomes or timing.

The Illinois Report Card (Illinois State Board of Education, 2022),
issued by the Illinois State Board of Education, provides annual educa-
tional progress data for the state, schools, and districts.

The SCALES dataset (Paley et al., 2021) combines data from PACER,
including ten years of docket reports (2007-2016) from Northern Illi-
nois district courts and 2016 district court reports, with the Federal
Judicial Center’s judge metadata.

The U.S. Bureau of Economic Analysis’ report (U.S. Bureau of Eco-
nomic Analysis, 2022; U.S. Bureau of Labor Statistics, 2023; U.S.
Census Bureau, 2022b,a,c) captures personal income data for various
regions, showing income received by residents in those areas based on
their place of residence.

Environmental
Sustainability
Wildfire Occurrence
Healthcare MIMIC-IV-ED-Demo
Urban Housing Zillow Observed Rent
Index
Criminal Justice SCh.OOI Shooting
Incidents
Education Illinois Report Card
Legal and Judicial =~ SCALES
Socioeconomic Income Disparity
Business Yelp Open Dataset

The Yelp Open Dataset (Yelp Inc., 2023) comprises 5.9 million re-
views, 188,593 businesses, and 280,992 pictures, provided by Yelp for

personal, educational, and academic purposes.

Table 4: Datasets used for the evaluation which specify the underlying data used for each of the 8§ domains we tested

with.

Shooting Incident Report This report provides
a summary of a single gun-related incident on
school grounds. Features which are reported on
include: the date the incident occurred, the school
at which the incident occurred, the city and state
in which the incident occurred, whether or not the
incident occurred during school hours, the num-
ber of shots fired, the type of weapons involved in
the incident, details about what happened to the
shooter, whether the shooter was affiliated with the
school, whether the shooter had a criminal history,
and the total number of victims.

Handgun and Rifle Comparison This report
provides a comparison of weapon usage in gun-
related incidents for a region. Features which are re-
ported on include: the total number of all shooting
incidents, the total number of incidents involving
a handgun, the total number of incidents involving
arifle, and whether or not the number of incidents
involving a rifle was higher than the number of
incidents involving a handgun.
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C.4 Environmental Sustainability

Within this domain, we generate two unique kinds
of reports: Statewide Wildfire Report and County
AQI and Wildfire Trends.

Statewide Wildfire Report This report provides
a summary of all wildfire occurrences in a given
state of the United States. Features which are re-
ported on include: the total number of wildfires in
the state each year, the average wildfire size in the
state each year, the median wildfire size in the state
each year, the average wildfire size in the state each
year, the average wildfire duration in the state each
year, the total number of wildfires in the United
States each year, the average wildfire size in the
United States each year, the median wildfire size
in the United States each year, and the average
wildfire duration in the United States each year.

County AQI and Wildfire Trends This report
provides a report on air quality and wildfire oc-
currences for a single state of the United States.
Features which are reported on include: the total
number of days for which the AQI was "good" in



Document Type Domain Document Description

Patient Visit Report Healthcare Visit summary for a single stay in the emergency department

Subject Report Healthcare Patient summary for all emergency department visits of a single
patient

MSA Housing Price Trends Urban Housing Housing price trends for a single metropolitan region of the U.S.

National Housing Price Trends ~ Urban Housing Overall housing price trends across U.S.

Summary of Shooting Incidents

Criminal Justice

Summary of all gun-related incidents on school grounds for a single
county, district, or state

Shooting Incident Report

Criminal Justice

Summary of a single gun-related incident on school grounds

Handgun and Rifle Comparison

Criminal Justice

A comparison of weapon usage in the gun-related incidents for a
region

Statewide Wildfire Report Environmental A summary of all wildfire occurrences in a given region
Sustainability

County AQI and Wildfire Environmental Report on air quality and wildfire occurrences for a given U.S. state

Trends Sustainability

High School Expenditure / Stu-  Education Report on the relationship between student performance and school

dent Performance funding

County High School Report Education Summary of high school students’ performance for a county in

Card

Illinois

Case Summary

Legal and Judi-
cial

Summary of a single legal case

Judge Summary

Legal and Judi-
cial

Summary of single judge’s tenure

County Income Trends Socioeconomics ~ Summary on income trends for a single county

County Poverty Trends Socioeconomics ~ Summary on poverty trends for a single county

Business Performance Report Business Business performance summary for a single business
State Business Performance Re-  Business Summary of the performance of all businesses in a county

port

Table 5: A listing of the document types that we generate as part of our evaluation.

the state for each year, the total number of days for
which the AQI was "moderate"” in the state for each
year, the total number of days for which the AQI
was "unhealthy for sensitive groups" in the state
for each year, the total number of days for which
the AQI was "very unhealthy days" in the state for
each year, the total number of days for which the
AQI was "hazardous" in the state for each year, the
maximum AQI value in the state for each year, the
median AQI value in the state for each year, the
total number of wildfires in the state each year, the
average wildfire size in the state each year, the me-
dian wildfire size in the state each year, and the
average wildfire duration in the state each year.

C.5 Education

Within this domain, we generate two unique kinds
of reports: High School Expenditure and Student
Performance Report and County High School Re-
port Card.

High School Expenditure and Student Perfor-
mance Report This report provides a report on
the relationship between student performance and
school funding. Features which are reported on
include: the school name, school district, the city
and county in which the school is located, the type
of district the school is in, the grades served by the
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school, the total student enrollment, the student at-
tendance rate, the average class size for all grades,
the total federal expenditures per pupil, the total
state expenditures per pupil, the total expenditures
per pupil, the percentage of students demonstrating
advanced performance on SAT reading, the percent-
age of students demonstrating proficiency on SAT
reading, the percentage of students demonstrating
advanced performance on SAT math, and the per-
centage of students demonstrating proficiency on
SAT math.

County High School Report Card This re-
port provides a summary of high school perfor-
mance for a single county in Illinois. Features
which are reported on include: the total number of
schools in the county, the total student enrollment
in the county, the median student enrollment at
high schools in the county, the average student en-
rollment at high schools in the county, the standard
deviation of student enrollment at high schools in
the county, the correlation coefficient between per
pupil expenditures and student enrollment, the cor-
relation coefficient between per pupil expenditures
and the percentage of students demonstrating ad-
vance performance on SAT math, the correlation
coefficient between per pupil expenditures and the
percentage of students demonstrating advance per-



formance on SAT reading, and a ranking of school
districts in the county according to their per pupil
expenditures.

C.6 Legal and Judicial

Within this domain, we generate two unique kinds
of reports: Case Summary and Judge Summary.

Case Summary This report provides a summary
of a single legal case. Features which are reported
on include: the name of the case, the case ID, the
filing date of the case, the terminating date of the
case, the year of the case, the judge presiding on
the case, the city in which the case was tried, the
duration of the case, the average duration for all
cases, the average duration of cases for each case
type, the standard deviation of case duration of all
cases, and the standard deviation of case duration
of cases for each case type.

Judge Summary This report provides a sum-
mary of single judge’s tenure. Features which are
reported on include: the name of the judge, the to-
tal number of cases this judge has presided on, the
average duration of cases this judge has presided
on, the number of cases this judge has presided on
for each type of case, the average duration of cases
this judge has presided on for each type of case, the
average duration of cases this judge has presided
for each year, the average duration for all cases, the
average duration of cases for each case type, the
standard deviation of case duration of all cases, and
the standard deviation of case duration cases for
each case type.

C.7 Socioeconomics

Within this domain, we generate two unique kinds
of reports: County Income Trends and County
Poverty Trends.

County Income Trends This report provides a
summary of poverty trends for a single county in
Illinois. Features which are reported on include:
the population of the county for each year, the total
number of unemployed people in the county for
each year, the total personal income in the county
for each year, the estimated median household in-
come in the county for each year, the per capita
income of the county for the most recent year, and
the per capita personal income for all counties for
the most recent year.

County Poverty Trends This report provides a
summary of income trends for a single county in
Illinois. Features which are reported on include:
the population of the county for each year, the to-
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tal number of unemployed people in the county
for each year, the estimated number of people in
poverty below the age of 17, the estimated number
of people in poverty of any age, the per capita in-
come of the county for the most recent year, and
the per capita personal income for all counties for
the most recent year.

C.8 Business

Within this domain, we generate two unique kinds
of reports: County Business Performance Report
and County Community Performance Report.

Business Performance Report This report pro-
vides a business performance summary for a single
business. Features which are reported on include:
the name of the business, the address of the busi-
ness, the city and state the business is located in,
the Yelp category for the business, the total number
of reviews for this business, the average star rating
for this business, the average star rating for this
business for each year, and the average star rating
of all businesses within the same category.

State Business Performance Report This re-
port provides a summary of the performance of all
business in a state of the United States. Features
which are reported on include: the state for which
businesses are being examined, the number of busi-
nesses in the state, the average rating of businesses
in each category for businesses in the state, and the
top ten businesses by average star rating within this
state.

D Factual Accuracy by Domain

Table 6 provides a detailed breakdown of the num-
ber of factual, refuted, and confabulated claims,
grouped by domain, and compared to the total num-
ber of claims made in reports in that domain.

As is evident from the table, the majority of the
claims are factual and very few are refuted. It is
also important to reiterate that, although the num-
ber of confabulated claims might be considered
a little high, these confabulations are almost en-
tirely represented by claims that are not necessarily
incorrect, but which may be subjective or draw
conclusions, often using wording like "should" or
"This indicates that..."

E Examples of Generated Documents

In this section, we present examples of documents
generated using our neurosymbolic method. For
each example, we describe the report type, domain,



Domain Total Claims Factual Refuted Confabulated
Env. Sustainability 698 586 34 80

Healthcare 1054 983 13 56

Criminal Justice 477 332 9 137

Business 931 785 36 101

Urban Housing 360 325 10 26

Education 626 461 9 143
Socioeconomics 430 369 10 51

Legal and Judicial 596 478 7 122

Table 6: A breakdown of the total number of claims made and the number of those claims which are factual, refuted,
and confabulated for each of the 8 domains we evaluated. The results are an aggregation of reports generated by in
the "per plan" format for both models (GPT-4 and StableBeluga-2).

the entity instance the report focuses on, the lan-
guage model used to generate the report, and the
generation mode using to structure the results de-
rived from the analytics engine prior to their in-
clusion in the prompt. We then show the prompt
which was passed to the language model. In ex-
amples in which the prompt is too large to show
easily within a single diagram, we truncate it and
denote the exclusion with ellipses. We then show
the report that was generated by the model.

For clarity, we have color coordinated the facts
provided in the prompt with the corresponding text
that was generated as part of the reports to enable
quick and direct comparisons to be made between
the facts we provided to the model and its outputs.
It’s also worth noting that these examples were cho-
sen to highlight interesting behaviors the models
exhibit when producing their generations.

The first report can be seen in Figure 4 where a
report on the county poverty trends of Champaign
County from 1969 to 2022 that was generated by
GPT-4 is shown. Multiple times series are pro-
vided as part of the input prompt. The model has
a tendency to summarize these time series with a
general trend and brief summary statistics such as
the minimum or maximum value or the first and
last values. In general, it is preferable to have the
planning module and subsequent analytic processes
provide such trend values and summary statistics
(since they are guaranteed to be correct based on
the data), rather than rely on the model (which may
make a mistake in predicting the trend or picking
the min/max values) to provide summaries.

The second report can be seen in Figure 5 where
a summarization of stays of the subject with ID
10023239 that was generated by using GPT-4 is
shown. This report includes the time, duration
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and diagnosis of the six unique stays that the sub-
ject had. Note that the data had all personally
identifying data removed to maintain the subject’s
anonymity. Consequently, most personal details
are omitted and the patients are referred to by a
unique ID instead of their name. Within this report,
a series of diagnoses are described within the con-
text provided to the model. These diagnoses are
given in the same shorthand that was provided by
the healthcare practitioner that wrote them. How-
ever, in the output the model was able to expand
this shorthand into the full diagnoses. This indi-
cates that the model has some encoding of medical
knowledge that allows it to do so.

The third report can be seen in Figure 6 where
a summary of a judge’s tenure generated by
StableBeluga-2 is shown. The report provides
insights on the workload and experience of the
judge. Within this report, there is an instance where
the case type mentioned in the prompt is None.
When this is discussed in the generated output, the
model’s outputs provides some speculation that this
value was None "due to insufficient data." Interest-
ingly, when the case type values are omitted else-
where in the prompt, the model does not speculate
or confabulate as to why this is the case. This raises
questions as to what situations will actually cause
the model to confabulate or speculate as part of its
generation. This behavior warrants more thorough
investigation that we leave as future work.

The fourth report can be seen in Figure 7 where
a report on the AQI and wildfire trends of Carter
County Missouri is shown. This report was gen-
erated by StableBeluga-2 using the per plan state-
ment generation mode. Within the prompt pro-
vided to the model, there are missing values for the
max AQI in the time series. This was the result



of an error that occurred in the analysis that left
this statement with empty spaces. Despite these
values being missing, the model’s generation con-
tains a judgment that the max AQI has decreased
over time, which is unsupported by the prompt.
This case highlights the importance of providing
the model with complete information. Without this,
the model seems to confabulate summarizations
and trends which may or may not actually exist.

It is worth noting that, in general, the models’
generations presented the facts in the same order

in which they were provided within the prompt.

This property could likely be exploited to improve
the structure of the reports by having a planning
module determine what information is best seen
first. We leave this for future work.
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Report Type: County Poverty Trends

Domain: Socioeconomics
Entity Instance: Champaign County
Model Type: GPT-4

Generation Mode: Per Row

Prompt

Generate a 500 word report about county level poverty trends in Champaign County, lllinois from the given context. Use only the facts provided in
the context.

Context: The year for county of Champaign County is 1969 and the resident population for county of Champaign County is None. The year for county
of Champaign County is 1970 and the resident population for county of Champaign County is 163281. ... The year for county of Champaign County is
2022 and the resident population for county of Champaign County is 206542. The year for county of Champaign County is 1971 and the resident
population for county of Champaign County is 164300. ... The year for county of Champaign County is 1990 and the unemploed person for county of
Champaign County is 2754. The year for county of Champaign County is 1991 and the unemploed person for county of Champaign County is 3372.
The year for county of Champaign County is 1992 and the unemploed person for county of Champaign County is 3739. ... The year for county of
Champaign County is 2010 and the unemploed person for county of Champaign County is 8948. ... The year for county of Champaign County is 2022
and the unemploed person for county of Champaign County is 4126. ... The year for county of Champaign County is 1988 and the estimated people
below 17 in poverty for county of Champaign County is None. The year for county of Champaign County is 1989 and the estimated people below 17
in poverty for county of Champaign County is 4645. ... The year for county of Champaign County is 2014 and the estimated people below 17 in
poverty for county of Champaign County is 9114. ... The year for county of Champaign County is 2021 and the estimated people below 17 in poverty
for county of Champaign County is 5292. ...

The year for county of Champaign County is 1993 and the estimated people below 17 in poverty for county of Champaign County is 6338. ... The year
for county of Champaign County is 1989 and the estimated people of all ages in poverty for county of Champaign County is 16911. The year for
county of Champaign County is 1990 and the estimated people of all ages in poverty for county of Champaign County is None. ... The year for county
of Champaign County is 2011 and the estimated people of all ages in poverty for county of Champaign County is 43484. ... The year for county of
Champaign County is 2021 and the estimated people of all ages in poverty for county of Champaign County is 28582. ...

Generated Report

This report provides an overview of poverty trends in Champaign County, lllinois, from 1969 to 2022. The data includes the resident population, the
number of unemployed persons, and the estimated number of people below the age of 17 and of all ages living in poverty.

The resident population of Champaign County has seen a steady increase over the years, from 163,281 in 1970 to 206,542 in 2022. However, the data
for unemployment and poverty rates only starts from 1990 onwards.

In 1990, the number of unemployed persons was 2,754, which increased to 4,126 by 2022. The highest unemployment rate was recorded in 2010
with 8,948 unemployed persons.

The estimated number of people below 17 living in poverty was first recorded in 1989 with 4,645 individuals. This number fluctuated over the years,
with the highest recorded in 2014 with 9,114 individuals. By 2021, this number had decreased to 5,292.

The estimated number of people of all ages living in poverty was first recorded in 1989 with 16,911 individuals. This number saw a general increase
over the years, peaking in 2011 with 43,484 individuals. By 2021, this number had decreased to 28,582.

It is important to note that the data for the resident population in 1969, the number of unemployed persons from 1969 to 1989, and the estimated
number of people living in poverty from 1969 to 1988 is not available. Additionally, the data for the personal income for 2022 and the total resident
population grouped by year for 2022 divided by total estimated people of all ages in poverty grouped by year for 2022 is also not available.

In conclusion, while the resident population of Champaign County has seen a steady increase over the years, the county has also experienced
fluctuations in unemployment and poverty rates. The highest rates of unemployment and poverty were recorded in the early 2010s, with a gradual
decrease in recent years.

Figure 4: A County Poverty Trends report generated with GPT-4.
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Report Type: Subject Report

Domain: Healthcare
Entity Instance: 10023239
Model Type: GPT-4
Generation Mode: Per Plan
Prompt

Generate a 500 word medical patient summary for subject with id 10023239 from the given context. Use only the facts provided in the context.

Context: The race for id of 10023239 is WHITE. The gender for id of 10023239 is F. The count of unique stay id for subject id of 10023239 is 6. For in
time grouped by stay id sorted in ascending order, the stay id for subject id of 10023239 and the in time grouped by stay id for subject id of 10023239
and the stay duration grouped by stay id for subject id of 10023239 and the acuity level grouped by stay id for subject id of 10023239 and the disease
grouped by stay id for subject id of 10023239 is 30683757 and 2137-06-19 15:05:00 and 4:04:00 hours and 3 and DIAB KETOACIDOSIS IDDM,
PNEUMONIA,ORGANISM UNSPECIFIED, DIAB KETOACIDOSIS IDDM, PNEUMONIA,ORGANISM UNSPECIFIED, ... , 36323598 and 2140-09-14 14:43:00
and 5:19:00 hours and 3 and Presence of insulin pump (external) (internal), Long term (current) use of insulin, Nonspec elev of levels of transamns \&
lactic acid dehydrgnse, Nausea, Hyperlipidemia, unspecified, Type 1 diabetes mellitus without complications, Hypothyroidism, unspecified, Presence
of insulin pump (external) (internal), Long term (current) use of insulin, Nonspec elev of levels of transamns \& lactic acid dehydrgnse, Nausea,
Hyperlipidemia, unspecified,, ... unspecified, 31270431 and 2140-09-17 11:35:00 and 3:25:00 hours and 3 and Other fatigue, Long term (current) use
of insulin, Nonspec elev of levels of transamns & lactic acid dehydrgnse, Enlarged lymph nodes, unspecified, Type 1 diabetes mellitus without
complications, Other fatigue, Long term (current) use of insulin, Nonspec elev of levels of transamns & lactic acid dehydrgnse, Enlarged lymph nodes,
unspecified, Type 1 diabetes mellitus without complications, Other fatigue, Long term (current) use of insulin, Nonspec elev of levels of transamns &
lactic acid dehydrgnse, Enlarged lymph nodes, unspecified, Type 1 diabetes mellitus without complications ... 39348852 and 2140-10-03 06:20:00
and 2:47:56 hours and 3 and Type 1 diabetes mellitus with ketoacidosis without coma, Long term (current) use of insulin, Type 1 diabetes mellitus
with ketoacidosis without coma, Long term (current) use of insulin, Type 1 diabetes mellitus with ketoacidosis without coma, Long term (current) use
of insulin, Type 1 diabetes mellitus with ketoacidosis without coma, Long term (current) use of insulin, Type 1 diabetes mellitus with ketoacidosis
without coma, Long term (current) use of insulin, ... 37578680 and 2140-10-22 18:05:00 and 22:56:00 hours and 3 and Long term (current) use of
insulin, Acute kidney failure, unspecified, Type 2 diabetes mellitus without complications, Long term (current) use of insulin, Acute kidney failure,
unspecified, Type 2 diabetes mellitus without complications, Long term (current) use of insulin, Acute kidney failure, unspecified, ... 35942924 and
2140-11-11 11:28:00 and 5:50:00 hours and 3 and Pure hypercholesterolemia, unspecified, Long term (current) use of insulin, Type 1 diabetes
mellitus without complications, Hypothyroidism, unspecified, Sarcoidosis of lung, Syncope and collapse, Pure hypercholesterolemia, unspecified,
Long term (current) use of insulin, ...

Generated Report

Patient ID 10023239 is a white female who has had a total of six unique hospital stays. The details of her stays are as follows:
During her first stay (Stay ID:30683757), she was admitted on June 19, 2137, at 15:05. Her stay lasted for 4 hours and 4 minutes. The acuity level
during this stay was 3. She was diagnosed with Diabetic Ketoacidosis (IDDM) and Pneumonia, with the organism unspecified.

Her second stay (Stay ID: 36323598) began on September 14, 2140, at 14:43 and lasted for 5 hours and 19 minutes. The acuity level was again 3.
During this stay, she was diagnosed with several conditions including the presence of an insulin pump (both external and internal), long-term use of
insulin, nonspecific elevation of levels of transaminases and lactic acid dehydrogenase, nausea, unspecified hyperlipidemia, type 1 diabetes mellitus
without complications, and unspecified hypothyroidism.

The third stay (Stay ID: 31270431) started on September 17, 2140, at 11:35 and lasted for 3 hours and 25 minutes. The acuity level was 3. She was
diagnosed with fatigue, long-term use of insulin, nonspecific elevation of levels of transaminases and lactic acid dehydrogenase, enlarged lymph
nodes, and type 1 diabetes mellitus without complications.

During her fourth stay (Stay ID: 39348852), which began on October 3, 2140, at 06:20 and lasted for 2 hours, 47 minutes, and 56 seconds, she was
diagnosed with type 1 diabetes mellitus with ketoacidosis without coma and long-term use of insulin. The acuity level was 3.

Her fifth stay (Stay ID: 37578680) started on October 22, 2140, at 18:05 and lasted for 22 hours and 56 minutes. The acuity level was 3. She was
diagnosed with long-term use of insulin, acute kidney failure, unspecified, and type 2 diabetes mellitus without complications.

Her sixth and final stay (Stay ID: 35942924) began on November 11, 2140, at 11:28 and lasted for 5 hours and 50 minutes. The acuity level was 3. She
was diagnosed with pure hypercholesterolemia, unspecified, long-term use of insulin, type 1 diabetes mellitus without complications, unspecified
hypothyroidism, sarcoidosis of the lung, and syncope and collapse.

In summary, the patient has a history of multiple hospital stays with a variety of diagnoses, including diabetes mellitus (both type 1 and 2), diabetic
ketoacidosis, pneumonia, hyperlipidemia, hypothyroidism, and acute kidney failure. She also has a long-term use of insulin and an insulin pump.

Figure 5: A Subject Report generated with GPT-4.
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Report Type: Judge Summary

Domain: Legal and Judicial
Entity Instance: Deborah A Robinson
Model Type: StableBeluga-2
Generation Mode: Per Plan

Prompt

Generate a nicely worded report about judge's judicial history from the given context. Use only the facts provided in the context.

Context: The name for name of deborah a robinson is deborah a robinson. The count of unique case for name of deborah a robinson is 74 cases. The
average case duration for name of deborah a robinson is 647.88. The count of unique case grouped by case type for name of deborah a robinson is 2
cases, 72 cases. The average case duration grouped by case type for name of deborah a robinson is None, 647.88. The average case duration grouped
by year for name of deborah a robinson is 647.88. The average case duration is 336.23. The average case duration grouped by case type is 261.79,
351.72. The standard deviation of case duration is 361.50. The standard deviation of case duration grouped by case type is 334.53, 364.96.

Generated Report

Judge Deborah A Robinson has presided over a total of 74 unique cases during her tenure on the bench. Her average case duration across all types of
cases is 647.88 days. When analyzing specific case types, there are two distinct categories with an average case duration of none (likely due to
insufficient data) and 647.88 days respectively. Furthermore, when examining case durations based on the year they were heard, we see that the
average case duration remains consistent at 647.88 days. Breaking it down further, the average case duration for each individual case type varies
between 261.79 and 351.72 days. Lastly, the standard deviation of case duration overall stands at 361.50 days, while the standard deviations for each
case type category are 334.53 and 364.96 days.

Figure 6: A Judge Summary generated with StableBeluga-2.
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Report Type: County AQl and Wildfire Trends

Domain: Environmental Sustainability
Entity Instance: Carter, Missouri

Model Type: StableBeluga-2

Generation Mode: Per Plan

Prompt

Generate a nicely worded report about yearly trends of air quality index and wildfire occurrence from the given context. Use only the facts provided
in the context.

Context: The year for county state of Carter, Missouri and the good days grouped by year for county state of Carter, Missouri is . The year for county
state of Carter, Missouri and the moderate days grouped by year for county state of Carter, Missouri is . The year for county state of Carter, Missouri
and the unhealthy for sensitive groups grouped by year for county state of Carter, Missouri is . The year for county state of Carter, Missouri and the
very unhealthy days grouped by year for county state of Carter, Missouri is . The year for county state of Carter, Missouri and the very unhealthy days
grouped by year for county state of Carter, Missouri is . The year for county state of Carter, Missouri and the hazardous days grouped by year for
county state of Carter, Missouri is . The year for county state of Carter, Missouri and the max air quality index grouped by year for county state of
Carter, Missouri is . The year for county state of Carter, Missouri and the median air quality index grouped by year for county state of Carter, Missouri
is . The year for county state of Carter, Missouri and the count of unique wildfire grouped by year for county state of Carter, Missouri is 1992 and 14
Wildfires, 1993 and 15 Wildfires, 1994 and 12 Wildfires, 1995 and 24 Wildfires, 1996 and 1 Wildfires, 1997 and 14 Wildfires, 1998 and 4 Wildfires,
1999 and 9 Wildfires, 2000 and 12 Wildfires, 2001 and 18 Wildfires, 2002 and 6 Wildfires, 2005 and 5 Wildfires, 2006 and 6 Wildfires, 2007 and 6
Wildfires, 2008 and 4 Wildfires, 2009 and 3 Wildfires, 2010 and 10 Wildfires, 2011 and 1 Wildfires, 2012 and 4 Wildfires, 2013 and 3 Wildfires, 2014
and 6 Wildfires, 2015 and 1 Wildfires, 2016 and 3 Wildfires, 2017 and 5 Wildfires, 2018 and 4 Wildfires, 2019 and 9 Wildfires, 2020 and 6 Wildfires.
The year for county state of Carter, Missouri and the average fire size grouped by year for county state of Carter, Missouri is 1992 and 8.50, 1993 and
18.87, 1994 and 7.42, 1995 and 20.25, 1996 and 1.00, 1997 and 21.57, 1998 and 29.25, 1999 and 27.44, 2000 and 8.75, 2001 and 5.44, 2002 and
16.33, 2005 and 22.55, 2006 and 5.94, 2007 and 23.23, 2008 and 36.88, 2009 and 7.23, 2010 and 69.64, 2011 and 86.00, 2012 and 3.27, 2013 and
22.27, 2014 and 18.59, 2015 and 0.01, 2016 and 26.99, 2017 and 8.63, 2018 and 40.37, 2019 and 32.94, 2020 and 8.89. The year for county state of
Carter, Missouri and the median fire size grouped by year for county state of Carter, Missouri is 1992 and 3.00, 1993 and 2.00, 1994 and 5.00, 1995
and 6.00, 1996 and 1.00, 1997 and 10.00, 1998 and 10.00, 1999 and 12.00, 2000 and 4.00, 2001 and 2.00, 2002 and 5.00, 2005 and 11.50, 2006 and
0.30, 2007 and 0.50, 2008 and 31.00, 2009 and 4.00, 2010 and 5.00, 2011 and 86.00, 2012 and 0.10, 2013 and 31.10, 2014 and 1.10, 2015 and 0.01,
2016 and 3.00, 2017 and 7.22, 2018 and 11.14, 2019 and 1.19, 2020 and 0.40. The year for county state of Carter, Missouri and the average contained
date minus discovery date grouped by year for county state of Carter, Missouri is 1992 and None, 1993 and None, 1994 and None, 1995 and None,
1996 and None, 1997 and None, 1998 and None, 1999 and None, 2000 and None, 2001 and None, 2002 and None, 2005 and 0.00, 2006 and 0.00,
2007 and 0.00, 2008 and 0.00, 2009 and 0.00, 2010 and 0.10, 2011 and 0.00, 2012 and 0.00, 2013 and 0.67, 2014 and 0.17, 2015 and 0.00, 2016 and
1.67,2017 and 0.75, 2018 and 5.33, 2019 and 0.00, 2020 and 0.00.

Generated Report

Based on the data provided, there has been an overall improvement in air quality over time in Carter County, Missouri. From 1992 to 2020, the
number of "good" air quality days increased while the number of "unhealthy for sensitive groups," "very unhealthy," and "hazardous" days
decreased. This indicates that efforts towards reducing pollution have had positive effects on the local environment. Additionally, the maximum Air
Quality Index (AQl) value has also decreased over this period, further supporting improved air quality conditions.

Regarding wildfires, it appears that their frequency and intensity have fluctuated throughout the years. While some years experienced numerous fires
with large average sizes, other years saw fewer or smaller fires. However, it's important to note that these numbers may be influenced by various
factors such as weather patterns, land management practices, and human activity. Overall, though, the data suggests that wildfire occurrences are
not consistently increasing or decreasing but rather show variability from one year to another.

Figure 7: A County AQI and Wildfire Trends report generated with StableBeluga-2.
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