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Article
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Abstract: In the field of databases, Large Language Models (LLMs) have recently been
studied for generating SQL queries from textual descriptions, while their use for concep-
tual or logical data modeling remains less explored. The conceptual design of relational
databases commonly relies on the entity-relationship (ER) data model, where translation
rules enable mapping an ER schema into corresponding relational tables with their con-
straints. Our study investigates the capability of LLMs to describe in natural language a
database conceptual data model based on the ER schema. Whether for documentation,
onboarding, or communication with non-technical stakeholders, LLMs can significantly
improve the process of explaining the ER schema by generating accurate descriptions
about how the components interact as well as the represented information. To guide the
LLM with challenging constructs, specific hints are defined to provide an enriched ER
schema. Different LLMs have been explored (ChatGPT 3.5 and 4, Llama2, Gemini, Mistral
7B) and different metrics (F1 score, ROUGE, perplexity) are used to assess the quality of
the generated descriptions and compare the different LLMs.

Keywords: relational database; large language models; database design; entity-relationship

1. Introduction
Databases are the backbone of modern information systems, enabling efficient storage,

retrieval and management of data. A key phase for relational databases is the conceptual
modeling, where the entity-relationship (ER) model is widely used to represent the data
structure and constraints before translating them into a logical relational schema by means
of translation rules (i.e., the generation of tables using SQL). An ER schema represents
information through three key constructs: (i) entities, classes of objects with independent
existence; (ii) relationships, logical associations between entities; and (iii) attributes, prop-
erties of both entities and relationships. A proper conceptual model is crucial because it
serves as the foundation for translating real-world requirements into a consistent database
structure. By accurately representing the elements and constraints within a system, a well-
designed conceptual model ensures data integrity, consistency, and scalability throughout
the database lifecycle [1–4].

The ER data model plays an important role not only in the initial design of databases
but also in their documentation and long-term maintenance. Although the ER data model
is a simple and intuitive representation, textual documentation is an indispensable support
to integrate the ER schema with descriptions of the information represented in the schema
itself. In fact, a clear human-readable documentation of an ER schema—concerning the
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informative content of each construct—is essential for effective communication among
database designers, developers, and business stakeholders.

In recent years, Large Language Models (LLMs) have shown remarkable capabilities
in natural language understanding and generation, finding applications in various fields,
including software development and database systems [5–7]. Much of the existing research
on LLMs in the database domain has focused on automating the query generation process
to interact with databases using natural language, the definition of the final logical schema
according to user requirements, and the textual explanation of tables, relationships, and
constraints in an existing database [8,9].

LLMs also have the potential to serve as a powerful tool for automating the gener-
ation of natural language descriptions of ER schemas, improving the comprehensibility
of database structures and information represented in the schema itself. They can pro-
vide detailed explanations of the schema, including the relationships between entities and
their properties. As an example, Figure 1 shows the portion of an initial ER schema for a
database about a library loan system and the informative description corresponding to the
ER obtained by employing an LLM. The text demonstrates how an LLM can understand
the properties beyond the two entities (BOOK and AUTHOR) and the binary relationship
linking them (AUTHOR_OF), and transform a structured schema into an accurate descrip-
tion. The obtained text is intuitively helpful for communication with expert and non-expert
users without the need to interpret (complex) ER schemas. By facilitating the deeper under-
standing of the database design, it serves as documentation useful for knowledge transfer,
reference, and future updates. It also supports the validation of the schema to ensure that
the requirements of the system are met.

Figure 1. An illustrative example of generating textual descriptions with a Large Language Model
starting from the ER schema for a library system.

This paper explores the capabilities of LLMs in generating accurate, complete, and
easily understandable textual descriptions of conceptual ER schemas. Our study involves
testing various LLMs to identify the limitations of each model and assess their ability to
understand and describe the main ER constructs with examples covering different levels of
difficulty. Additionally, we explore strategies for enriching the conceptual schema with
contextual-driven hints to guide LLMs in producing more precise and readable descriptions.
The main contributions of this paper are as follows:

• A comprehensive investigation into the performance of various LLMs (ChatGPT
3.5 and 4, LLama2, Gemini, Mistral 7B) in generating accurate and readable textual
descriptions of ER schemas with varying complexity.
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• The exploration of effective enrichment strategies and techniques to improve the prompt
and guiding LLMs to generate more precise descriptions of specific ER constructs.

• The design of a framework for preprocessing the input ER schemas and postprocessing
the generated textual descriptions, along with a comparison of LLM performance
using evaluation metrics such as F1 score, ROUGE, and perplexity.

• The release of a publicly available repository with test cases of ER schemas and the
corresponding database requirements, supporting future research in this area.

Our investigation is guided by the following research questions (RQs):

RQ1: What is the LLM’s ability to recognize an ER construct and what are the challenges?

Provide a quantitative assessment of LLMs’ ability to recognize and interpret the core
constructs of an ER schema. We define a construct as properly “recognized” when the LLM
provides an accurate description, identifying the type of construct and thoroughly detailing
its properties (i.e., the characteristics of the information it represents). Our hypothesis is
that an LLM that fails to correctly recognize a construct will struggle to generate a proper
textual description of the construct or the whole ER schema. The goal is to qualitatively
identify common issues, such as incompleteness or lack of understandability, that may arise
during this process. These issues could be related to specific characteristics of the input
schemas or inherent limitations of LLMs themselves. For example, we investigate which
types of constructs are inaccurately or incompletely described, whether constructs are
misrepresented or substituted, and the impact of these issues on the generated descriptions.

RQ2: What is the quality of the textual description generated by an LLM from a given ER schema?

Evaluate the quality of the textual descriptions generated by LLMs when provided
with an ER schema. We use quantitative measures (i.e., F1 score, ROUGE, and perplexity)
to assess effectiveness and applicability in practical contexts.

RQ3: How can LLMs be guided or supported to generate high-quality textual descriptions?

Identify strategies for improving the quality of the textual descriptions generated by
LLMs. We categorize these strategies into two main areas: (1) enriching the ER model
with keywords or hints to guide the LLM in generating a more accurate description, and
(2) adjusting LLM prompts to better align with the task of generating detailed and coherent
textual descriptions. These actions seek to optimize the interaction between the ER model
and the LLM to enhance the quality of the generated descriptions.

2. Related Work
Generating descriptive text from structured data represents an important task with

applications across multiple domains. Researchers have explored various approaches
to this challenge, including fine-tuning pre-trained models [10–12] and reconstructing
table structures to better capture their inherent information [13]. These methods have
demonstrated effectiveness in transforming structured information into natural language
descriptions that preserve semantic content while presenting it in an accessible format.

The emergence of Large Language Models (LLMs) has significantly impacted various
aspects of software engineering. Recent systematic literature reviews [7] have highlighted
the broad applicability of these models across the software development lifecycle, from
requirement engineering to code generation and testing. Research by [14] has examined
both the opportunities and potential risks of applying LLMs to software engineering tasks,
noting their potential to enhance productivity while raising concerns about generalizability
and education. Similarly, ref. [15] has contributed to our understanding of how LLMs
perform across different software engineering challenges, providing insights into their
capabilities and limitations. In the context of requirement engineering specifically, ref. [16]
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has conducted a comprehensive review of ChatGPT applications, studying how an LLM
can properly integrate in the software requirements practices to improve the process.

Building on these broader applications of LLMs in software engineering, the inter-
action between these models and databases has attracted significant research interest. A
substantial portion of this research has concentrated on Text-to-SQL translation [8,17,18],
where natural language queries are automatically converted into executable SQL state-
ments; and SQL-to-Text to explain SQL code [19]. These systems aim to make database
interaction more intuitive for non-technical users by removing the need for SQL exper-
tise. Text-to-SQL approaches have been successfully applied in diverse domains [20–22],
with recent advancements including schema-aware systems designed to mitigate data
imbalance challenges [23]. Such schema-aware approaches incorporate database structural
information to improve translation accuracy and handle the variability in database designs.

Beyond Text-to-SQL translation, researchers explored LLMs for conceptual model
understanding and generation. Recent studies have investigated methods to automatically
convert system requirements expressed in natural language into UML diagrams using
various LLM architectures [24,25]. This direction of research demonstrates the potential of
LLMs to understand abstract conceptual relationships and represent them in structured
formats. In [26], the authors used Retrieval Augmented Generation Large Language Models
(RAG-based LLMs) to support teaching activities related to conceptual modeling.

While these applications have significantly advanced database usability and automa-
tion, comparatively less attention has been given to the process of leveraging LLMs for gen-
erating comprehensive textual descriptions of entity-relationship (ER) conceptual schemas.
ER schemas serve as foundational representations of database structure, capturing entities,
relationships, and constraints in a format that is often challenging for non-technical stake-
holders to interpret. This research gap presents an opportunity for novel contributions
that could enhance database comprehension, facilitate knowledge transfer, and support
documentation efforts across organizations.

3. Materials and Methods
Figure 2 illustrates our proposed framework for transforming an entity-relationship

(ER) schema into a descriptive human-readable text using different LLMs. The process
consists of different steps:

Figure 2. Proposed framework overview for transforming ER conceptual schemas into descriptive
text using LLMs.

1. Data Preparation. The system takes as input the conceptual ER schema of a specific
database. In our experiments, we designed a dataset collecting ER schemas and the
corresponding textual description written by human experts (Sections 3.1 and 3.2).
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2. LLM prompting and hint definition. The processed schema is converted into a
structured prompt and fed into the LLM, which generates the descriptive text output
(Section 3.3.1). Optionally, an enrichment step adds hints for complex constructs to
guide the model in generating more accurate descriptions (Section 3.3.2).

3. Evaluation. The generated text is assessed using multiple metrics, including F1 score,
perplexity, and ROUGE, to measure accuracy and fluency (Section 3.4).

3.1. ER Schema Formalism

To provide structured textual input to the LLMs, we defined a custom yet precise
textual representation of the ER schemas. Since there is no widely adopted or standardized
textual syntax for describing ER schemas in natural language or structured text, we adopted
a compact convention that is both human-readable and machine-parsable. Our formalism
was designed to preserve the semantics of ER constructs—such as entities, attributes,
relationships, cardinalities, and generalizations—while enabling consistent interpretation
by language models. The following patterns describe the syntax we adopted for encoding
the core components of ER models.

Entity Definition.

EntityName { Attr_1 (id), Attr_2, Attr_3 (optional), Attr_4 (multi),
Attr_5 { SubAttr_1, SubAttr_2 } }

Notes:

• (id) denotes a unique identifier and it can characterize more than one attribute.
• (optional) marks an attribute as non-mandatory.
• (multi) denotes a multivalued attribute.
• Composite attributes are written as Attr { SubAttr1, SubAttr2 }, where SubAttr1

and SubAttr2 are sub-attributes of Attr.

Relationship Definition.

RelName (EntityA: card, EntityB: card, ...) {RelAttr_1, RelAttr_2 (
optional), RelAttr3, ...}

Notes:

• card refers to the entity participation in the relationship in the min..max notation,
with min ∈ (zero, one), max ∈ (one, many).

• The curly braces {RelAttr_1, RelAttr_2 (optional), RelAttr_3, ...} are omit-
ted if no relationship attribute exists.

• Entity in the relationship with an external identifier participates with cardinality
card=one..one and includes the external id term.

Generalizations.

ParentEntity <= { ChildEntity1, ChildEntity2, ... } (partial/total,
exclusive/overlapping)

Notes:

• partial — not every occurrence of the parent must belong to a child.
• total — every occurrence of the parent entity must be in a child.
• exclusive — child entities are disjoint.
• overlapping — occurrences of the parent entity may belong to multiple child entities.
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Example Snippet.

As an example, a snippet of an ER schema described using the above textual notation
is provided here. This model describes the structure of a database designed to manage an
academic institution’s staff, students, and courses.

STAFF { SID (id), Name, Surname, OfficePhone, MobilePhone (optional) }
FACULTY { Position }
ADMINISTRATIVE { JobType }
STAFF <= {ADMINISTRATIVE, FACULTY} (partial, exclusive)
COURSE { CID (id), Name, Credits, Degree }
TEACHING (FACULTY: zero..many, COURSE: one..many ) { TotalHours }
LECTURE { Date (external id), Subject, Room }
SCHEDULING (LECTURE: one..one external id, COURSE: one..many)

The STAFF entity represents university personnel, uniquely identified by the attribute
SID and characterized by the attributes: first name, last name, office phone number, and
optionally the mobile phone number. Since there are various roles, including administra-
tive staff and teachers, the STAFF entity serves as the parent in a (partial and exclusive)
generalization, with child entities FACULTY and ADMINISTRATIVE. Faculty members are
characterized by their current position, while administrative staff are described by job type.

The COURSE entity models the courses offered by the institution, identified by a unique
CID, and includes attributes such as name, number of credits, and degree. The TEACHING re-
lationship models faculty participation in courses. It connects entities FACULTY and COURSE
with cardinalities zero..many and one..many, respectively; and includes the attribute
TotalHours, indicating the number of hours a faculty member contributes to a course.

The LECTURE entity models individual course lectures. A lecture is identified by the
date when the lecture is scheduled (attribute Date) and by the course for which the lecture
is offered (by means of an external identifier). The SCHEDULING relationship, which links
entities LECTURE and COURSE, supplies the external identifier for LECTURE.

3.2. Dataset

Experimental validation was conducted on 13 test cases, each corresponding to the
definition of an entity-relationship (ER) model for different application contexts (Table 1).
The characteristics of these datasets, in terms of ER constructs present in the schema, are
summarized in Table 2. A complete description of each test case, including the ER schema
according to the formalism reported in Section 3.1, and a reference description of the
schema created by a human expert, is available in a publicly accessible GitHub repository
(https://github.com/AndreaAvignone/ER2Text.git, accessed on 10 March 2025).

Table 1. Application domains of the ER models used in the test cases.

Test Case Application Domain

Test 1 Multimedia platform
Test 2 Library loan
Test 3 Boat rental
Test 4 Radiological examinations
Test 5 Server
Test 6 Cluster of servers
Test 7 Information about territorial control by officers
Test 8 Online newspaper publisher
Test 9 Kitchen appliance stores

https://github.com/AndreaAvignone/ER2Text.git
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Table 1. Cont.

Test Case Application Domain

Test 10 Museum restoration
Test 11 Free-floating e-scooter sharing rental company
Test 12 Online services as movie rental, online music, and video games
Test 13 Airline company

Table 2. Summary of ER schema characteristics across test cases.

ER Construct Test
1

Test
2

Test
3

Test
4

Test
5

Test
6

Test
7

Test
8

Test
9

Test
10

Test
11

Test
12

Test
13

Entity
Entity 7 5 5 9 8 8 4 7 8 8 5 5 7

Relationship
Binary Relationship 2 3 3 4 3 3 1 3 5 3 2 1 5
Ternary Relationship 0 0 0 1 1 1 1 1 0 1 1 1 0

Generalization
Generalization 2 1 1 1 1 1 0 1 1 1 0 1 1

Identifier
Simple Identifier 2 3 3 5 4 4 2 4 4 5 5 3 4
Composite Identifier 0 0 0 1 1 1 1 0 0 1 0 0 0
External Identifier 1 1 1 2 1 1 1 1 1 0 0 1 2

Attribute
Simple Attribute 10 10 7 16 16 16 10 12 16 8 9 11 11
Composite Attribute 0 0 0 0 0 0 1 0 1 0 1 0 1
Multivalued Attribute 1 1 1 3 1 1 1 1 0 1 1 0 1
Optional Attribute 1 2 1 3 1 1 2 1 1 3 0 0 0

The ER schemas used in the study vary in complexity across two difficulty levels. High-
difficulty models include more complex constructs, such as ternary relationships, foreign
keys, generalizations. In contrast, medium-difficulty schemas contain fewer constructs and
often lack ternary relationships. These test cases were designed to evaluate the performance
of LLMs when presented with training examples of mixed difficulty levels.

3.3. Generation of ER Informative Description

In this section, we report how the LLM prompt is generated and we discuss some key
examples to enrich the ER schema for specific constructs.

3.3.1. LLM Prompting and Inference

Adapting the prompt based on the task to be performed is necessary and after a
careful and extensive study of various techniques [27,28], it was concluded that only a
subset of them are applicable to this research: Zero-Shot, N-shot (specifically One-Shot and
Few-Shot), and Chain-of-Thought:

• Zero-Shot prompting [29,30] is a technique where a model is given a task without
any prior examples or specific training for that task. Therefore, the model relies on
its pre-existing knowledge and understanding to generate responses based on the
prompt alone.

• N-Shot prompting [27,31] involves the addition of one or more task-specific examples,
followed by a natural language description of the task. In this way, the model has
sufficient context to generalize and perform the task effectively.

• Chain-of-Thought [32,33] is the prompting technique that encourages LLMs to explain
the reasoning that led them to their answer. Usually, the prompt includes a few-shot
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examples followed by the explanation of the reasoning that led to generating the result.
This approach guides the model to use a similar process.

We conducted an exploratory analysis of the prompts above in the targeted problem.
The Zero-Shot approach is not usable to obtain sufficient responses. Both the Few-Shot
and Chain-of-Thought techniques give optimal and comparable results. However, the
Chain-of-Thought requires more effort to create the prompts and more space to store them,
as well as the need for postprocessing to remove the reasoning part. For these motivations,
the Few-Shot proves to be the best choice. In subsequent analyses, we focus only on
this prompt.

3.3.2. Hint definition for ER schema enrichment

This step aims to explore the ability of LLMs to understand and describe ER constructs
and their properties. It also focuses on defining possible suggestions to guide the LLM
in properly describing specific constructs where the LLM struggles to correctly interpret
the model. We consider the ER construct correctly identified when the LLM produces an
informative description that satisfies the following properties: (i) It properly describes the
construct properties; (ii) It accurately explains the information that the construct models.

For our explorative analysis, we used a collection of simple reference ER schemas,
each one including a given ER construct, such as an entity, a binary or ternary relationship,
or a generalization. These constructs may also include attributes (simple or composite). In
the case of an entity, identifiers can be simple, composite, or external. For each reference
ER schema, the LLM is asked to generate a proper description of the ER construct.

Our analysis pointed out that the LLMs considered are capable of correctly identifying
and properly describing the main constructs of the ER model. These constructs include
entity, identifiers (simple and composite), attributes (simple, optional, composite, and
multivalued), and relationships. For some more complex constructs, the system provides
a less accurate and not entirely correct description of the construct and its properties. If
the LLM does not recognize the construct correctly, we enhance the original description
to guide the LLM in the identification process without the need of tuning the model
parameters to meet all the different examples and constructs.

Hints. We propose to introduce hints in the original ER schema to influence the LLM’s
understanding of the ER construct and providing a more accurate description. The hints are
defined by explicitly labeling each specific construct in which the LLM struggles to properly
interpret the model. Enriching the initial specification during automatic preprocessing with
some hints allowed this problem to be overcome, guiding the LLM in understanding the
ER schema and generating the expected output. We found hints to be necessary for the
following ER constructs: (i) ternary relationships and (ii) generalizations. Hints to be included
for these constructs are described in Table 3. In Section 3.3.3, we discuss some example
cases in which the hints are introduced.

Table 3. Defined hints to support LLMs with complex ER constructs.

Construct Hint

Ternary Relationships Introduce term Relationships before ternary construct.
Generalizations Introduce term Generalizations before generalization construct.

3.3.3. Example Cases

Entities and Relationships. Entities and relationships are the key components in the ER
model. Entities present classes of objects with an autonomous existence, while relationships
represent logical links between two or more entities. Entities and binary relationships
(linking two entities) are correctly recognized by the different LLMs, providing an accurate
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description without the need for additional hints. In contrast, LLMs can benefit from
the introduction of a specific hint when a ternary relationship is involved to provide a
more accurate description of the information represented. A ternary relationship (linking
three entities) is a more complex construct, as it models concepts expressed by the jointly
co-occurrences of three involved entities.

Figure 3a shows an example of an ER schema representing the exams taken by students
at different times. This concept is modeled using a ternary relationship, called EXAM,
linking the entities STUDENT, COURSE, and TIME.

(a)

(b)

(c)

Figure 3. Ternary construct (Mistral): (a) Prompt. (b) Textual description obtained with a hint.
(c) Textual description obtained without a hint.

We introduced the hint Relationship to support the LLM in recognizing the correct ER
construct represented by EXAM. This hint suggests that EXAM functions as a relationship
rather than an entity, establishing connections between three distinct entities: STUDENT,
COURSE, and TIME. By incorporating this terminology, we guide the model to understand
that EXAM represents a ternary relationship linking these three conceptual entities together.

Based on Figure 3b, the LLM correctly identifies and introduces the target scenario,
the involved entities, and the relationship. For each of the three entities, the LLM provides
a short description of the information modeled in terms of the concept represented by the
construct (entity name) and the related properties that characterize (attributes) and uniquely
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identify (identifiers) the entity occurrences. For example, for the STUDENT entity, it reports
that each student is uniquely identified by an “ID” (identifiers) and characterized by name,
surname, and address (attributes). For the TIME entity, it reports that this entity captures
the date of the exam, identified by the day, month, and year (composite identifier).

Then, a short description of the information modeled by the EXAM relationship is
provided. It reports that EXAM captures the association between the students, the courses,
and the time of the exam, allowing us to track exams taken by students on specific dates. It
also reports that each student can optionally participate in the relationship, but can take
exams for more courses, and that exams are scheduled on specific dates (in accordance
with the cardinality of the EXAM relationship specified in the ER schema).

Figure 3c shows the description provided by the LLM when the hint is omitted from the
ER schema. It can be seen that, in this case, the description of the information represented
by the EXAM relationship is much less accurate and complete, and succinctly represented
in a single sentence. In addition, it is not explicitly stated that the examination represents a
relationship of the ER schema.

ER descriptions in Figure 3b,c were generated by Mistral and they are reported as
an example; a similar solution (with some variations in the notation) is obtained using
other LLMs. Without hints, the description of the relationship tends to be less accurate for
older LLMs (LLama and ChatGPT3.5), with the ternary relationship decomposed into three
binary relationships.

Generalizations. Generalizations represent logical links between an entity E and one
or more entities E1, which participate in the generalization with a different role. Entity
E has the role of parent entity and entities E1...En have the role of child entities. Entity E
is more general, in the sense that it comprises them as a particular case. This leads to
the inheritance property, stating that a child entity is characterized by the same properties
(attributes, identifiers, relations, and other generalizations) of the parent entity, along with
possibly other distinctive properties. The covering properties specify if every occurrence of
the parent entity is also an occurrence of one of the child entities (total) or not (partial), and
if every occurrence of the parent entity is at most an occurrence of one of the child entities
(disjoint) or not (overlapped).

An LLM that provides an accurate description of the generalization construct must be
able to correctly identify and specify the key elements: (i) construct name (generalization);
(ii) role of involved entities (parent and child entity); (iii) inheritance property; (iv) covering
properties (partial or total, overlapped or exclusive); and (v) readable description of the
information represented by the construct.

Figure 4 shows an example of a (partial and exclusive) generalization construct where
the ATHLETE entity is a generalization of SKIER and SAILOR entities. We introduced
the Generalization hint to support the LLM in correctly recognizing and describing the
construct. It is introduced before listing the construct characteristics to clearly suggest the
type of construct.

Based on Figure 4b, the LLM correctly identifies the target scenario, the construct,
and the modeled information. For the ATHLETE entity, it reports that each athlete is
identified by a unique CardNumber (identifier) and characterized by name and surname
(attributes). For SKIER and SAILOR entities, it reports that they are among the occurrences
of athlete (i.e., child entities) that are represented by additional properties, such as speciality
and role, respectively. Moreover, the description explicitly indicates that the construct is
a generalization and briefly explains that it is partial and exclusive—not all athletes are
necessarily skiers or sailors, and each athlete can be either a skier or a sailor, but not both.

Figure 4c shows the description provided by the LLM when the hint is omitted. The
critical point is that the ER construct is incorrectly referred to as “relationship” holding
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“between athletes and their specific roles (skiers or sailor)”. This description seems to
suggest that the concepts of athlete, skier, and sailor are perceived as three separate and
independent concepts, whereas the ER model indicates the presence of only one concept
(athlete) of which the other two are specializations.

ER descriptions in Figure 4b,c were generated by Mistral and they are reported as
an example; a similar solution (with some variations in the notation) is obtained using
other LLMs.

(a)

(b)

(c)

Figure 4. Generalization construct (Mistral): (a) Prompt. (b) Textual description obtained with a hint.
(c) Textual description obtained without a hint.

3.4. ER Informative Description Evaluation

To assess the quality of the descriptive text generated from an ER schema using LLMs,
several evaluation metrics can be used, each focusing on different aspects of the text. Since
the text is descriptive and informational (rather than creative), metrics that evaluate clarity,
accuracy, and coverage are more relevant.

3.4.1. F1 Score

The F1 Score is used to measure the overlap between the generated textual description
and a reference description, balancing both precision (how much of the generated text
is correct) and recall (how much of the reference text is captured). In our evaluation,
we compute the F1 score by comparing the LLM-generated textual description with the
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input ER schema. This metric helps us determine how well the LLM captures the correct
constructs present in the schema. The F1 score is defined as

F1 = 2 × Precision × Recall
Precision + Recall

(1)

where the following definitions apply:

• Precision is the proportion of correctly described constructs among all the ones
produced by the LLM.

• Recall is the proportion of correctly described constructs among all the ones in the
reference description.

3.4.2. Perplexity

Perplexity (PPL) is a measure of how well a language model predicts a given sequence
of text [34,35]. A lower perplexity value indicates higher fluency and coherence in the
generated description. It is defined as

PPL = exp

(
− 1

N

N

∑
i=1

log P(wi|w1:i−1)

)
(2)

where the following denotions apply:

• P(wi|w1:i−1) is the probability assigned to the i-th token in the generated text given
all previous tokens.

• N is the total number of tokens in the generated description.

Since textual descriptions of ER schemas must be both readable and well structured,
perplexity allows us to evaluate how well LLMs generate text that resembles human-
written descriptions. A model that assigns lower probabilities to the correct next word will
have higher perplexity, meaning that the model is making less accurate predictions and
producing more “surprising” text. It follows that the lower the perplexity, the better the
model predictions.

The range of acceptable perplexity values depends on the context of the problem being
analyzed. For natural language texts, perplexity is considered good if it is below 50. Other
factors that influence perplexity include the model used to calculate it, the length of the
sequences, and the complexity of the language involved. For these reasons, perplexity is
most useful when used to compare texts generated by different models.

Perplexity is based purely on the model’s probability predictions and does not directly
measure whether the generated text makes sense in a real-world context or captures deeper
meanings. In practice, while perplexity is a helpful starting point for model evaluation, it is
often used alongside other metrics such as ROUGE (Section 3.4.3).

3.4.3. ROUGE Score

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a widely used metric
for evaluating text generation tasks by measuring the overlap between the generated text
and a reference text. In general, ROUGE measures how closely the generated text matches
the reference text in terms of overlap of words, phrases, or sequences. ROUGE includes
several variants, each focusing on different aspects of similarity:

• ROUGE-N: Measures n-gram overlap between the generated and reference texts. The
most commonly used is ROUGE-1 (unigram overlap), which evaluates word-level
similarity, and ROUGE-2 (bigram overlap), which assesses phrase-level similarity.

• ROUGE-L: Computes the longest common subsequence (LCS) between the generated
and reference texts, capturing sentence-level structure.
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The ROUGE score primarily relies on three key measures, precision, recall, and F1
score, each capturing different aspects of text similarity:

• Precision: The proportion of n-grams (e.g., unigrams, bigrams) in the generated text
that also appear in the reference text. High precision indicates that the generated text
contains mostly relevant information.

• Recall: The proportion of n-grams in the reference text that are correctly included in
the generated text. High recall suggests that the generated description captures most
of the key information.

• F1 score: The harmonic mean of precision and recall, providing a balanced evaluation
when both aspects are important. It is particularly useful when the goal is to maximize
both completeness and correctness of the generated text.

The ROUGE score is typically normalized between 0 and 1, where higher values
indicate greater lexical overlap between the generated and reference texts. However, in
descriptive and informative tasks, such as generating textual descriptions of ER schemas,
exact lexical matches are not always necessary. A good description should capture the
core concepts and relationships of the schema, even if the wording differs. ROUGE-1 is
particularly suitable for our task as it quantifies the lexical similarity between the textual
description generated by an LLM and the reference description of an ER schema, created
by a human expert. Since the goal is to generate coherent and informative explanations of
ER schemas, this metric provides insights about whether the essential terms and constructs
are correctly conveyed.

4. Results
This section presents the results of our exploratory analysis comparing different LLMs

for generating human-readable descriptions from ER conceptual schemas. We evaluate the
models based on F1 score, perplexity, and ROUGE metrics.

4.1. F1 Score

The F1 score reveals satisfactory results, showing comparable performance for all
LLMs in understanding the constructs of ER schemas, as shown in Table 4.

Table 4. F1 score comparison of various Large Language Models.

Model Mean Standard Deviation (SD)

ChatGPT-3.5 0.81 0.16
ChatGPT-4 0.88 0.09

Gemini 0.80 0.10
Llama 2 0.71 0.19

Mistral 7B 0.84 0.07

In general, ChatGPT-4 and Mistral 7B emerge as the most promising options in terms of
F1 score. Both demonstrate superior performance with the highest F1 score (MEAN = 0.88
and MEAN = 0.84, respectively) and the lowest variability (SD=0.09 and SD = 0.07, respec-
tively). This combination of high mean performance and low variability makes ChatGPT-4
and Mistral 7B particularly reliable for ER schema description tasks, with consistent perfor-
mance across different test cases.

ChatGPT-3.5 and Gemini achieve a respectable F1 score (MEAN = 0.81 and
MEAN = 0.80, respectively), although Gemini shows lower variability (SD = 0.10) and
thus more consistent across the different samples. Llama 2 demonstrates the lowest perfor-
mance among the tested models with an F1 score (MEAN = 0.71) and the highest variability
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(SD = 0.19). This suggests that Llama 2 may be less suitable for ER schema description tasks
where consistency is important.

4.2. Perplexity

Table 5 summarizes the results in terms of perplexity for the LLMs under study. Lower
perplexity values indicate better language modeling capabilities, as the model assigns
higher probability to the correct tokens. It quantifies how much the model generates more
predictable text.

Table 5. Perplexity score comparison of various Large Language Models.

Model Mean Standard Deviation (SD)

ChatGPT-3.5 20.06 5.53
ChatGPT-4 16.95 3.70
Mistral 7B 13.01 5.44

Llama 10.49 2.45
Gemini 13.10 2.69

The perplexity comparison reveals interesting patterns in their predictive capabilities
for ER schema description tasks. Since perplexity is considered acceptable for values below
50 for natural language texts, all the LLMs show satisfactory results.

Llama2 achieves the lowest average perplexity (MEAN = 10.49) and standard devia-
tion (SD = 2.45), indicating superior next-token prediction capability and consistency in
this context. Mistral 7B and Gemini follow closely in terms of perplexity (MEAN = 13.01
and MEAN = 13.10), but with Gemini showing lower variability for different ER schemas
(SD = 2.69) than Mistral 7B (SD = 5.44). ChatGPT-4 exhibits moderately higher perplexity
(MEAN = 16.95) compared to Llama2, Mistral 7B, and Gemini, but its variability (SD = 3.70)
indicates relatively consistent performance across different schemas. ChatGPT-3.5 demon-
strates the highest perplexity (MEAN = 20.06), with considerable variability (SD = 5.53).

These results present an interesting contrast to the F1 score measurements, particularly
regarding Llama2, which showed the lowest F1 scores but the best perplexity metrics.
This apparent contradiction suggests that lower perplexity alone may not translate di-
rectly to better overall performance in ER schema description tasks. The findings indicate
that models optimized for next-token prediction (as measured by perplexity) may not
necessarily excel at capturing the semantic accuracy required for high F1 scores in this
domain. The descriptions provided by Llama 2 are very smooth and clear; however, the
ER models described often deviate excessively from the provided ones, making the de-
scriptions frequently unusable. These observations highlight the importance of using
multiple evaluation metrics when assessing model performance for specialized tasks like
ER schema description.

4.3. ROUGE Score

Table 6 presents the ROUGE scores for different LLMs used in our study. These
scores evaluate the lexical overlap between the generated text and the reference schema
descriptions by a human expert, providing insight into how well each model preserves the
original content.

Mistral 7B demonstrates superior overall performance with the highest ROUGE-1 F1
(MEAN = 0.589) and precision (MEAN = 0.564), indicating strong unigram matching capa-
bilities. This model also performs best on ROUGE-2 precision, recall, and F1, suggesting
better ability to capture bigram sequences accurately. It similarly leads in ROUGE-L metrics,
achieving the highest scores in precision (MEAN = 0.305) and F1 (MEAN = 0.320). Mistral
7B generates text that is lexically similar and consistent with the reference descriptions.
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ChatGPT-4 follows maintaining a strong balance between precision and recall. ChatGPT-4
also demonstrates the lowest standard deviation in ROUGE-1 F1 (SD = 0.037), indicating
the most consistent performance across different ER schema test cases. Other models, such
as Gemini and Llama 2, also perform well but do not achieve the same level of consis-
tency as Mistral 7B. ChatGPT-3.5 exhibits the highest ROUGE-1 recall (MEAN = 0.645),
indicating its tendency to include relevant tokens from the reference text. However, its
precision scores are notably lower considering the other ROUGE metrics, thus it may
generate descriptions with additional tokens and a reduced level of lexical similarity with
the reference descriptions.

Table 6. ROUGE score comparison of various LLMs. Higher values indicate better overlap between
generated and reference texts.

ROUGE-1 ROUGE-2 ROUGE-L

Model P R F1 P R F1 P R F1

GPT 3.5 MEAN 0.427 0.645 0.507 0.143 0.211 0.168 0.233 0.353 0.277
SD 0.103 0.050 0.070 0.059 0.050 0.053 0.060 0.055 0.052

GPT 4 MEAN 0.516 0.634 0.563 0.187 0.227 0.203 0.278 0.341 0.303
SD 0.074 0.059 0.037 0.047 0.035 0.038 0.055 0.060 0.046

Llama 2 MEAN 0.485 0.606 0.535 0.165 0.206 0.182 0.255 0.318 0.281
SD 0.072 0.083 0.065 0.061 0.067 0.061 0.063 0.077 0.062

Mistral 7B MEAN 0.564 0.625 0.589 0.233 0.261 0.245 0.305 0.341 0.320
SD 0.075 0.082 0.060 0.050 0.067 0.053 0.060 0.083 0.065

Gemini MEAN 0.496 0.633 0.546 0.188 0.239 0.207 0.274 0.353 0.303
SD 0.085 0.103 0.064 0.057 0.064 0.057 0.053 0.082 0.056

To better stress the distribution of the models and compare the behavior with different
metrics, in Figure 5, we report the violin plot for both perplexity (Figure 5a) and ROUGE-1
F1 score (Figure 5b).

(a) (b)

Figure 5. Violin plot reporting the results in terms of (a) perplexity and (b) ROUGE-1 F1 score.

4.4. Supplementary Test Case: Large-Scale ER Schema Evaluation

To further validate the robustness of LLMs when applied to larger ER schemas, we
designed an additional test case that involves a significantly extended conceptual model.
The selected domain concerns university information management, encompassing key
components such as students, courses, exams, and academic staff. The schema consists
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of 84 total components, including 20 distinct entity types and 14 relationships of various
types (both binary and ternary). This schema was selected for its complexity and represen-
tativeness of real-world database systems that require detailed documentation. The results
are presented in Table 7, using GPT-4 as reference.

Table 7. Performance metrics of GPT-4 on large-scale ER schema.

Model F1 PPL
ROUGE-1 ROUGE-2 ROUGE-L

P R F1 P R F1 P R F1

GPT-4 0.86 18.83 0.318 0.629 0.422 0.072 0.144 0.096 0.154 0.304 0.204

For this supplementary test case, GPT-4 achieved an F1 score of 0.86, which aligns
with the average values observed in our main experiments (Section 4.1). This indicates that
the approach maintains its effectiveness even when scaling to larger schemas, as the model
was able to successfully identify all main elements of the schema.

However, we observed that the model occasionally provided simplified descriptions
for more complex elements, such as composite attributes. The generated text was more
concise and less redundant compared to the reference descriptions, resulting in some
attributes or elements not being fully described. There are cases in which the model
assumed certain properties as implicit, omitting their explicit mention while preserving
the overall semantic meaning in a more condensed form. The high recall values (0.629 for
ROUGE-1) indicate that the generated text still captures most of the key content, despite
the compact style.

The perplexity score (PPL) of 18.83 demonstrates that the generated text maintained
reasonable fluency and coherence, despite the complexity of the source schema. This is
particularly important for documentation purposes, where the readability of the output
text is crucial for end-users.

These results demonstrate that this LLM-based approach scales effectively to large,
complex ER schemas while maintaining consistent performance across multiple evaluation
metrics. The ability to capture all key elements while producing more concise descriptions
suggests practical applicability in real-world database documentation scenarios where both
comprehensiveness and clarity are essential.

5. Discussion and Conclusions
A key motivation for this work is the need for more readable and descriptive textual

representations of database schemas. The generated text serves as a complement to ER
data models, improving the clarity of the underlying structure and semantics. This is
particularly useful for documentation and schema validation, where human-readable
descriptions facilitate better communication among database designers and stakeholders.

The results of our exploratory analysis highlight that LLMs have strong potential
in transforming ER schemas into human-readable text, offering a practical solution for
automating database documentation. Unlike manually written documentation, which can
become outdated or inconsistent with the evolving schema, LLM-generated descriptions
remain aligned with the ER model, reflecting its most recent state.

We discussed the strengths and limitations of different LLMs in generating textual
descriptions from ER conceptual schemas, as evaluated through F1 score, perplexity, and
ROUGE metrics. The models accurately capture the main ER constructs, often producing
well-structured text. However, some limitations emerge, particularly in the treatment
of complex constructs (e.g., generalization). These elements are sometimes simplified or
misrepresented, leading to inconsistencies in the generated descriptions. Enhancing the
preprocessing of input schemas with specific hints improves the quality of the output. This
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suggests that a hybrid approach, where human intervention helps structure the input data,
could enhance the quality of the generated text. The output of older models such as GPT-3.5
and Llama 2 tend to be more general and less accurate. However, they are still valuable by
relying on the additional prompt preprocessing to improve their descriptions.

Our study is primarily focused on benchmarking various LLMs to describe in natural
language a database conceptual data model based on the ER schema. Future research can
extend this work in several directions. First, applying LLMs to other conceptual modeling
languages such as UML class diagrams would provide insights into their generalizability
beyond ER models. Second, a comparison of other automatic architectures (e.g., Seq2Seq)
with LLM-based solutions could be investigated. Lastly, our proposed methodology for
non-relational databases, including document stores and graph databases, can be adapted
to explore their effectiveness in more flexible schema environments.
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