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Abstract

Effective business strategy formulation requires synthesising diverse, often conflicting information sources into
coherent action plans. While Large Language Models (LLMs) show potential for processing textual information at
scale, their application is limited by hallucinations and a lack of grounding in proprietary data. This paper proposes a
methodology that integrates a domain-specific Knowledge Graph (KG) with a GraphRAG pipeline to generate strategic
briefing documents, or Primers, which provide a structured overview of a company’s competitive environment. Our
approach utilizes an ontology-first framework and Cypher-based graph traversal to capture the relational nature of
strategic knowledge beyond simple vector retrieval. Experimental results on a Q&A dataset demonstrate that the
Vector + Cypher retrieval strategy significantly improves grounding over LLM-only baselines and outperforms naive
vector retrieval in terms of completeness and usefulness. These findings suggest that the synergy of LLMs and
structured KGs provides a robust foundation for automated strategic analysis in real-world business scenarios.
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1. Background and Motivation

The formulation and execution of business strat-
egy require the synthesis of diverse, often con-
flicting information sources (market data, compet-
itive intelligence, industry trends, organizational
capabilities and more) into coherent action plans.
Despite decades of academic research produc-
ing thousands of strategic frameworks and billions
spent annually on strategy consulting, most orga-
nizations still struggle to turn strategy into action
effectively (Vigfússon et al., 2021). Established
frameworks such as PESTEL, SWOT (Puyt et al.,
2023), and Porter’s Five Forces (Porter, 1979) are,
by design, simplifications: each captures only a
subset of strategic reality, and their effective ap-
plication requires significant domain expertise to
re-contextualize abstract models with industry- and
company-specific knowledge (Kim et al., 2026). As
the pace and complexity of the business environ-
ment accelerate, the gap between available infor-
mation and an organization’s capacity to process
it into strategic insight continues to widen, motivat-
ing the development of AI-assisted approaches to
strategic analysis (Scarso-Borioli et al., 2024).

Large Language Models (LLMs) have demon-
strated considerable potential for processing and
synthesizing textual information at scale (Brown
et al., 2020). However, their application to busi-
ness strategy faces critical limitations: LLMs lack
access to proprietary or real-time organizational
data, are prone to generating plausible but unveri-

fied content (hallucination), and offer no inherent
guarantee that their outputs are grounded in author-
itative sources (Kim et al., 2026). Recently, (Kim
et al., 2026) introduced the CIAIC framework, which
orchestrates multiple specialized LLM agents to col-
laboratively generate strategic analyses through a
five-stage process combining human-guided objec-
tives, retrieval-augmented drafting, and collective
revision. While effective for multi-agent collabora-
tion, their approach relies on web-based retrieval
and does not leverage structured knowledge repre-
sentations for context grounding.

Knowledge Graphs (KGs) offer a complementary
approach by providing structured, queryable rep-
resentations of domain knowledge that preserve
entity relationships and support traceable reason-
ing (Hogan et al., 2021). A growing body of work
has explored the use of LLMs for KG construction
and ontology engineering: (Kommineni et al., 2024)
proposed an LLM-supported approach to ontology
and KG construction that reduces reliance on man-
ual expert curation; (Abolhasani and Pan, 2024)
demonstrated automated ontology extraction and
KG generation through an interactive pipeline; (Lip-
polis et al., 2025) evaluated prompting techniques
for LLM-driven ontology generation across multi-
ple domains; and (Oyewale and Soru, 2026) ad-
dressed LLM-driven ontology construction specifi-
cally for enterprise KGs. Complementary work on
ontology engineering methodologies includes LLM-
assisted ontology development (Saeedizade and
Blomqvist, 2024) and conversational ontology en-
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gineering frameworks (Zhang et al., 2024). These
studies demonstrate the growing maturity of LLM-
KG integration, yet few have applied this synergy
to business strategy.

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) bridges LLMs and external knowledge
sources by retrieving relevant context at inference
time. However, conventional RAG approaches ex-
hibit several shortcomings (Peng et al., 2024), in-
cluding degraded performance with long contexts
(Liu et al., 2023) and limited capability to capture
complex relationships and global context due to
their reliance on vector-based retrieval (Edge et al.,
2024). Graph Retrieval-Augmented Generation
(Graph RAG) (Edge et al., 2024; Hu et al., 2024;
Zhang et al., 2025) addresses these issues by in-
tegrating RAG with graph-structured data. This
approach leverages knowledge graphs to better
represent interconnected information, so that the
LLM can generate responses that are both linguis-
tically fluent and grounded in structured domain
knowledge. In this paper, we propose a method-
ology that integrates a domain-specific KG with
a GraphRAG pipeline to generate strategic brief-
ing documents, referred to as Primers. A Primer
provides a structured, outside-in overview of a com-
pany’s competitive environment, covering its mar-
ket positioning, customer segments, product offer-
ings, industry trends, and competitive dynamics.
Primers are foundational artifacts in strategy con-
sulting, consolidating desk-research intelligence
into a coherent narrative that supports subsequent
strategic decision-making. In the current work, we
focus exclusively on this outside-in analytical per-
spective, leaving extensions to strategy execution
planning for future work.

Our approach differs from prior work in two key
respects. First, rather than using LLMs to construct
the KG itself, we adopt an ontology-first approach:
a purpose-built strategy ontology, developed col-
laboratively by domain experts and knowledge en-
gineers, serves as the structured backbone that
grounds LLM generation in validated domain knowl-
edge. This ensures that AI-generated strategic con-
tent is anchored in a coherent conceptual schema
rather than relying solely on the model’s paramet-
ric knowledge. Second, our GraphRAG pipeline
exploits the graph structure through Cypher-based
traversal beyond simple vector retrieval, enabling
the recovery of structurally connected entities that
capture the relational nature of strategic knowledge.

In the current work, because we have not in-
cluded knowledge about strategy execution plan-
ning, we cannot exploit the KG to build the entire
Primer. For those reasons, we validate the con-
tribution of KG and GraphRAG by analyzing the
performance on a dataset of Q&A pairs extracted
automatically from the Primer. Our research goal

is to demonstrate that the combination of an LLM
and a KG can be effective in a real-world applica-
tion scenario where the main objective is to define
business strategies.

2. Methodology

As stated in the previous sections, transforming
heterogeneous market intelligence into structured
knowledge that can be used by LLMs or other AI-
based applications in a controlled, grounded man-
ner is not a trivial task. The proposed pipeline
connects ontology engineering, graph construction,
and retrieval-augmented generation into a single,
coherent workflow for producing strategic briefing
documents.

Figure 1 depicts the overall architecture, orga-
nized into two macro phases:

• Offline phase: definition of the KG schema,
graph construction, and semantic indexing;

• Online phase: execution of a GraphRAG
pipeline that retrieves relevant graph context
and supports grounded LLM generation.

The overall process follows four connected stages:

1 KG Schema Definition: A purpose-built market
intelligence ontology formalizes the conceptual
backbone of outside-in strategic analysis. It de-
fines the entities, attributes, and relationships
necessary to represent companies, markets,
trends, competitors, and value-chain dynamics
in a structured and interoperable way.

2 KG Construction: The ontology is instantiated
within a Neo4j graph database by transform-
ing raw business documents and structured
sources into labeled nodes and typed relation-
ships. This step operationalizes the concep-
tual schema into a queryable knowledge base.

3 GraphRAG Pipeline: The knowledge graph
becomes the external memory of the LLM.
Through vector embeddings and Cypher-
based graph traversal, the Retriever module
identifies relevant nodes and structurally con-
nected entities. The retrieved context is then
formatted and injected into the LLM prompt,
enabling generation that is grounded in vali-
dated domain knowledge rather than relying
solely on parametric memory.

4 Evaluation: The methodology is assessed
through a controlled Question&Answer dataset
derived from domain documents. Multiple con-
figurations, including LLM-only and alterna-
tive retrieval strategies, are compared to mea-
sure accuracy, completeness, usefulness, and
grounding to source material.
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Figure 1: The proposed methodology pipeline. The upper dashed box indicates the offline phase, where
data is structured according to the KG Schema into Neo4j, and node properties are merged and embedded
into a Vector Index. The lower dashed box shows the online GraphRAG process.

As illustrated in Figure 1, the offline layer pre-
pares the knowledge infrastructure: raw data is
structured according to the ontology, node proper-
ties are consolidated into unified textual representa-
tions, embedded in vector space, and indexed. The
online layer activates this infrastructure at inference
time: a user query triggers filtering and similarity
search, optionally enriched by graph traversal, and
the selected subgraph is provided to the LLM for
answer generation.

This modular organization separates knowledge
modeling from generative reasoning while preserv-
ing their interaction. It also enables testing the
systematic evaluation of the graph component in
the system. The following subsections detail each
stage of the pipeline.

2.1. KG Schema Definition

A comprehensive strategy ontology spans the full
scope of strategic decision-making, from an orga-
nization’s aspirational goals and competitive arena,
through its value proposition and capability con-
figuration, to its execution architecture. For the
purposes of this paper, we focus on the competitive
arena, the outside-in analysis of markets, competi-
tors, trends, and customer dynamics, which consti-
tutes the analytical foundation for generating strate-
gic briefing documents (Primers). Extensions to
the remaining ontological dimensions (value propo-
sition design, capability planning, execution orches-
tration) are left for future work.

The knowledge graph is accordingly built upon
a market intelligence ontology designed to capture
the entities, attributes, and relationships relevant
to outside-in business strategy analysis. The ontol-
ogy was developed from scratch, without reusing
existing domain ontologies, following the iterative
methodology outlined in (Noy and McGuinness,

2001). Its theoretical foundations were established
through an integrative synthesis of five decades
of strategic management literature (Scarso-Borioli
et al., 2024), which has been independently peer-
reviewed and accepted for presentation at the EU-
RAM 2026 conference. The development team
comprised four domain experts: four strategy prac-
titioners (from a strategy consulting firm) who are
also strategy academics (three professors and one
doctoral researcher). The ontology has undergone
two major iterations and has been validated through
extensive application in real-world consulting en-
gagements across multiple industries.

The schema comprises over 15 node types or-
ganized into four conceptual groups:

Core Business Entities. The Company node
is the central entity, characterized by its identity,
structure, and strategic relationships. Each com-
pany participates in one or more Market Spaces,
multidimensional competitive arenas defined by the
intersection of customer segments, geographies,
and product categories. The participates_in rela-
tionship between Company and Market Space car-
ries strategic properties: role_qualifier (e.g., leader,
challenger, niche player) and distinctive_choices
(e.g., premium positioning, modular design), captur-
ing not only where a company competes but how it
differentiates. Companies further link to Customer
Segments, Offerings (products or services), and
Geographies.

Market Dynamics. Temporal and causal dimen-
sions of market behavior are modeled through a
chain of Trends (PESTEL-classified macro forces),
Drivers (operational factors that translate trends
into market effects), and Sizing nodes (time-
stamped market size estimates). This Trend →
Driver → Sizing chain enables traceable market
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forecasting, where projections are explicitly linked
to underlying causal assumptions. Attractiveness
nodes synthesize competitive conditions into evalu-
ative scores informed by Porter Force and Porter
Driver nodes, which decompose industry dynam-
ics into granular, scoreable factors.

Value Chain. The schema models how value
flows from producers to consumers through Chan-
nels (distribution routes), End Users (ultimate
product consumers, distinct from purchasing cus-
tomers), Customer Needs (functional require-
ments driving purchase decisions), and Prod-
uct/Service Categories. The path Customer Seg-
ment → Customer Need → Product Category →
Offering captures the full demand-to-delivery chain,
supporting portfolio analysis and value proposition
alignment.

Competitive Landscape. Competition is mod-
eled through Competitor nodes with associated of-
ferings, segments, and geographies, enabling side-
by-side comparison of strategic footprints. Deep-
Dive nodes capture structured competitor dossiers
(strengths, weaknesses, market insights, pricing
strategy), while Summary Table nodes provide
comparative overlap analyses for direct competi-
tive positioning.

The ontology is instantiated in Neo4j, where en-
tities are stored as labeled nodes with typed prop-
erties and relationships as labeled directed edges.
This representation supports both the vector-based
semantic retrieval and the structural graph traver-
sal central to the GraphRAG pipeline described in
Section 2.3.

2.2. KG Construction
In this step, the entities and relationships defined
in the KG Schema are instantiated and popu-
lated. Crucially, the ontology serves as a normative
schema governing the entire population process:
the LLM can produce instances only that conform
to the predefined types and relationships, ensuring
an ontology-first discipline in which the conceptual
structure is designed by domain experts prior to
any automated extraction. The current implementa-
tion relies on three complementary steps that jointly
support this constrained graph construction.

The first step encodes the ontological backbone
as a formal specification of the admissible node
types, their attributes, and relationship types. This
specification guarantees that entities such as Com-
pany, Market Space, Trend, Driver, Competitor, and
related concepts are structured coherently in ac-
cordance with the domain experts’ knowledge. By
separating the conceptual structure from the pop-
ulation process, the schema can evolve in a con-

trolled manner without requiring modifications to
the ingestion logic, and ensures stability across
different industries and use cases.

The second step consists of the prompts used
in the generative phase. These prompts embed
domain-specific knowledge and contextual con-
straints, emulating the steps domain experts fol-
low to gather the information needed to write the
primers. The output of this generative step, ob-
tained using GPT-4o-mini, is formalized as Pydan-
tic1 classes, a Python library for data validation
based on type annotations. These classes serve
as typed, machine-readable representations of on-
tological classes. Each class encapsulates the
attributes of an entity together with references to
related entities, in accordance with the schema
constraints. This intermediate layer functions as a
validation mechanism: it enforces structural con-
sistency and type correctness before knowledge
is injected into the graph, ensuring that the LLM
acts as a guided extraction engine rather than a
schema designer.

In the final step, the Pydantic objects are pro-
grammatically converted into structures expressed
using Cypher, the declarative query language used
by Neo4j, so that they can be ingested into our
database. Entities are instantiated as labeled
nodes and relationships as typed, directed edges,
optionally enriched with properties that capture
strategic qualifiers or temporal dimensions. The
result is a coherent and extensible graph-based
representation of market intelligence, designed to
serve as the structured memory component for the
subsequent parts of the framework.

2.3. GraphRAG

The Custom GraphRAG pipeline defined for the
task leverages the Neo4j Graph-RAG package2.
The main components of this pipeline are the Re-
triever and the LLM. The Retriever gathers relevant
information from external sources, such as docu-
ments or databases, in response to the user’s query.
Various methods, such as similarity searches or
database queries, are used to find the most rele-
vant data. The retrieved results are then ranked
and scored according to how closely they match
the query. In this pipeline, the knowledge graph
acts as the external source. On the other hand, the
purpose of the LLM is to generate an answer to the
user query, leveraging the information obtained by
the Retriever.

1https://docs.pydantic.dev/
2https://neo4j.com/docs/

neo4j-graphrag-python/current/user_
guide_rag.html

https://docs.pydantic.dev/
https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html
https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html
https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html
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2.3.1. Indexing

For each node, text properties are merged into a
single new text property, namely _text, in the form
of property name: property value. This step is
fundamental for obtaining a unique embedding for
each node’s properties, rather than a separate em-
bedding for each property. Embeddings are com-
puted with text-embedding-3-small model with
dimension 1,536 and stored within the node in the
_embedding property. Leveraging Neo4j built-in
functionalities, _embedding properties are indexed
in a unique index. An index is the cornerstone of
the retrieval step, since it is used to compute se-
mantic similarity between its content and the user
query.

2.3.2. Retrieval

Two retrieval strategies are implemented. Both
strategies filter nodes based on the company_name
property and perform semantic-similarity searches
on the aforementioned index. Both strategies com-
pute the cosine similarity between the user query
and the information in the _text node property.

Vector retrieval. Given a user query q, the top-k
most similar nodes are retrieved from the knowl-
edge graph. This approach corresponds to the
Neo4j Vector Retriever implementation3.

Vector + Cypher retrieval. Given a user query
q, the top-k most similar nodes (hereinafter, seeds)
are retrieved from the knowledge graph. Then, for
each seed, a predefined Cypher query is executed:
neighboring nodes within 1-hop distance are re-
trieved and ranked by cosine similarity with q, then
the top-n are retained.

2.3.3. Generation

The retrieved nodes are used as context in the LLM
prompt. In case of Vector Retrieval + Cypher
retrieval, the context is formatted as follows for
each seed node S:

Context formatting for generation

Node Slabel has the following properties
Sproperties.
It is linked via relationship R1 to node
N1,label that has the following properties
N1,properties.
.
.
.
It is linked via relationship Rn to node
Nn,label that has the following properties
Nn,properties.

3https://neo4j.com/docs/
neo4j-graphrag-python/current/user_
guide_rag.html#vector-retriever

Regardless of the retrieval method, the LLM is
instructed to avoid answering when no context is
available, nor is it enough to answer the user query.
The response fallback is “I can not answer this
question because I have no relevant context.”.

3. Evaluation

3.1. Dataset construction
To assess the capabilities of our designed method-
ology, we build a dataset composed of a set of
Question&Answer (Q&A) pairs based on textual
documents of our domain. The constructed dataset
serves as the ground truth, and we compare the
performance of the different configurations of our
methodology (introduced in the previous sections)
on it.

We build our dataset in a two-stage process: first,
starting from a corpus of textual documents, we ex-
tract a set of statements (i.e., information that is
considered to be true); then, for each statement,
we obtain a set of questions for which the state-
ment serves as the answer. A similar strategy is
proposed in (Li and Zhang, 2024).

We exploit LLMs to perform both stages. In par-
ticular, given the straightforward nature of the ex-
traction and generation tasks, we use GPT-4o-mini
as our LLM, which allows for high performance
while maintaining significantly lower computational
costs and API overhead.

The need to employ a two-stage strategy rather
than a single-stage approach stems from the re-
quirement for data precision and comprehensive
coverage. By first factualizing the documents into
discrete statements, we ensure that the LLM cap-
tures all reported semantics and categorizes them
into factual, comparative, or edge-case knowledge.
Specifically, factualization transforms dense, multi-
layered prose into atomic units of truth, ensuring
that every discrete piece of information is isolated
and preserved before being translated into a query.
This intermediate step acts as a semantic anchor,
preventing the loss of information that often occurs
in a single-stage process where an LLM might pri-
oritize common questions over niche but important
facts. Furthermore, this decomposition enables the
generation of multiple, diverse queries for each spe-
cific fact, ensuring that the resulting ground truth is
both robust and strictly grounded in the source text.
Both stages are detailed in the following sections.

3.1.1. Statement Generation

At this stage, we aim to obtain, from a corpus of tex-
tual documents, a set of statements that capture the
semantics encoded in the documents, expressed
as simple text passages.

https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html#vector-retriever
https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html#vector-retriever
https://neo4j.com/docs/neo4j-graphrag-python/current/user_guide_rag.html#vector-retriever
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The process begins by extracting raw text from
the source files and partitioning it into segments
of approximately 800 words to ensure optimal pro-
cessing by the model. Each chunk is processed by
an LLM to generate a comprehensive list of factual,
comparative, and edge-case statements. These
statements are designed to be simple yet seman-
tically complete, capturing the core knowledge of
the source material in a structured JSON format.
We use the following system prompt to carry out
this step:

Statement Generation Prompt

You are a data generation assistant.
Your task is to read the provided text and
generate as many diverse and meaningful
statements as possible.

- Keep statements simple, but ensure they
capture all reported semantics.

- Cover three categories: factual, compara-
tive, and edge-case knowledge.

Output requirements:
- Respond ONLY with valid JSON.
- The response must be a single JSON array.
- Each element must be an object with exactly
two fields:

- "statement": <string>
- "type": one of ["factual", "comparative",
"edge-case"]

Here, we provide an example from our real data
of the first stage. In particular, we show how raw
textual information can be factualized in the form
of a set of statements.

First Stage Example

Text in raw file: The company has a long history dating back to
1885 and has evolved through various strategic transformations,
acquisitions, and technological advancements to become a
leading provider of critical protection solutions.
Generated statement:
- "statement": "The company was founded in 1885 and has un-
dergone various transformations since then.". "type": "factual"

3.1.2. Q&A Pairs Generation

After generating statements, the second stage
transforms these facts into formal ground-truth Q&A
pairs. For each statement extracted in the previous
step, the LLM is prompted to generate a variety of
clear and unambiguous questions.

The primary constraint of this stage is that the pro-
vided statement must serve as the exact and com-
plete answer to the generated question. This en-
sures high fidelity between the source documents
and the final evaluation dataset. By generating mul-
tiple questions for a single statement, we create a
robust set of queries that test the methodology’s
ability to retrieve the same underlying fact through
different linguistic formulations. The system prompt
for generating these pairs is defined as follows:

Q&A Pairs Generation Prompt

You are a question generation assistant.
Your task is to read the statement and gener-
ate all the possible questions whose answers
are exactly the statement derived from it.

- The same statement can be associated with
more questions.

- Each question must directly correspond to
the provided statement.

- Keep the question clear, concise, and unam-
biguous.

- Cover factual, comparative, and edge-case
types of knowledge.

Output requirements:
- Respond ONLY with valid JSON.
- The response must be a single JSON array.
- Each element must be an object with exactly
two fields:

- "question": <string>
- "answer": <string>, it is the statement
that has been provided

- "type": one of ["factual", "comparative",
"edge-case"]

Following the previous example, we report the
set of Q&A pairs generated from the statement
reported.

Second Stage Example

Statement:
- "statement": "The company was founded in 1885 and has un-
dergone various transformations since then.". "type": "factual"
Set of Q&A pairs:
- "question": "When was the company founded?". "answer":
"The company was founded in 1885 and has undergone vari-
ous transformations since then."
- "question": "What year marks the founding of the company?".
"answer": "The company was founded in 1885 and has under-
gone various transformations since then.",

As shown in the example, our methodology gen-
erates a robust set of queries that test how effec-
tively it identifies the same core information despite
differing phrasing.

The resulting dataset has been manually as-
sessed by a domain expert, in order to guarantee
completeness and correctness of the Q&A pairs.

3.2. Experimental Setup

To evaluate the effectiveness of the proposed
methodology, we conducted experiments on a
proprietary dataset covering 9 distinct companies
across various industries. The evaluation aims to
measure not only the correctness of the answers
but also the completeness of the retrieved context
and the adherence to the source documents.

3.2.1. Baselines and Configurations

We compared three configurations:

1. LLM Only (Baseline): The LLM (GPT-4o) an-
swers the user query directly using only its
parametric knowledge, without any retrieved
context.
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2. Vector Retrieval (Naive): Corresponds to
the standard RAG approach described in Sec-
tion 2.3.2, where nodes are retrieved solely
based on vector similarity.

3. Vector + Cypher Retrieval (Ours): The pro-
posed methodology, where vector retrieval is
followed by a 1-hop expansion and similarity-
based ranking to capture structural dependen-
cies.

3.2.2. Metrics

We adopted a multi-faceted evaluation strategy
combining reference-free LLM evaluation and
reference-based lexical metrics:

• LLM-based Metrics (1-5 Scale): An indepen-
dent LLM evaluator scored the generated an-
swers against the ground truth on a Likert scale
(1-5) for:

– Accuracy: The correctness of the informa-
tion relative to the ground truth.

– Completeness: How thoroughly the an-
swer covers the question’s requirements.

– Usefulness: The general helpfulness and
relevance of the answer.

• Grounding Metrics: To measure adherence
to the specific phrasing and content of the
source business documents, we calculated:

– ROUGE-L & BLEU: Lexical overlap with
the ground truth answer.

– BERTScore: Semantic similarity at the
sentence level.

3.3. Results and Discussion
We evaluated the performance of the three pro-
posed configurations on the filtered dataset, from
which questions where the LLM lacks sufficient
knowledge to answer were excluded. This limita-
tion is due to the different nature of the KG and the
questions: while the former was generated without
any additional information, the generation of the
latter was based on the information in the primers.

Table 1 presents the aggregated results across
all 9 companies.

3.3.1. The Trade-off: Parametric Knowledge
vs. Document Grounding

A striking observation from the results is the high
performance of the LLM Only baseline on the LLM-
evaluated metrics (Accuracy: 4.17, Usefulness:
4.68). This can be attributed to the nature of the
dataset; companies are sufficiently public that the
model (GPT-4o) likely possesses strong parametric

knowledge about them. Consequently, it generates
fluent answers based on its pre-training. More-
over, the dataset was created with the same family
model (GPT-4o-mini) of the LLM used to answer
questions.

However, the Grounding Metrics reveal a crit-
ical limitation of the baseline. The LLM-only ap-
proach achieves a very low ROUGE-L score of
0.07 compared to ≈ 0.21 for the RAG methods.
This indicates that the LLM is answering from mem-
ory rather than utilizing the specific syntax and de-
tails of the domain knowledge. In the context of
defining business strategies, where adherence to a
specific internal document is mandatory, the RAG
approach is superior despite lower "fluency" scores,
as it guarantees that the answer is grounded in the
retrieved context (as evidenced by the 3x higher
lexical overlap).

3.3.2. Effectiveness of Graph Structure

Comparing the two retrieval strategies, the pro-
posed GraphRAG (Vector + Cypher) demon-
strates consistent improvements over the Naive
GraphRAG (Vector) baseline across the LLM-
evaluated qualitative metrics, while maintaining
equivalent performance in traditional non-LLM met-
rics:

• Completeness (+0.15): The Vector + Cypher
method achieves a score of 3.88 compared to
3.73 for the Naive approach. This suggests
that expanding the context via graph traversal
retrieves necessary auxiliary information (e.g.,
linked risks or strategies) that simple vector
similarity misses.

• Usefulness (+0.15): The structural context
translates into more useful answers (4.26 vs.
4.11), suggesting the graph context helps the
LLM structure its response better.

• Accuracy (+0.06): We observe a modest im-
provement in accuracy (3.91 vs. 3.85).

• BERTScore & ROUGE-L (Parity): Both ap-
proaches achieve identical scores (0.88 and
0.21, respectively). Because both methods
share the same underlying vector search, they
retrieve the same primary text chunks, result-
ing in similar lexical and semantic overlap with
the ground truth.

3.3.3. Company-Specific Performance

The performance varies significantly across differ-
ent companies, as shown in Table 2.

While the LLM dominates in cases with strong
public presence (e.g., Company2), the proposed
GraphRAG method shows resilience in specific
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Method Accuracy Completeness Usefulness BERTScore ROUGE-L
LLM Only (Baseline) 4.17 4.35 4.68 0.84 0.07
Naive GraphRAG (Vector) 3.85 3.73 4.11 0.88 0.21
GraphRAG (Vector + Cypher) 3.91 3.88 4.26 0.88 0.21

Table 1: Mean performance metrics across the evaluation set. Accuracy, Completeness, and Usefulness
are reported on a 1-5 Likert scale (higher is better). BERTScore and ROUGE-L measure semantic and
lexical similarity to the ground truth, respectively.

Company LLM Naive GraphRAG
Company1 3.83 3.80 3.93
Company2 4.37 4.01 4.09
Company3 4.04 3.37 3.34
Company4 3.82 3.60 3.72

Table 2: Mean Accuracy scores for selected com-
panies.

cases. Notably, for Company1, the GraphRAG
approach outperforms the LLM baseline (3.93 vs.
3.83). Conversely, cases like Company3 show a
significant drop for RAG methods (Accuracy ≈ 3.34
vs LLM 4.04), highlighting challenges in retrieval
for certain document structures where the graph
construction may have been sparse or fragmented.

In conclusion, while a powerful LLM can hal-
lucinate correct answers for known entities, the
GraphRAG pipeline ensures the necessary ground-
ing in the source text (ROUGE-L 0.21) and provides
a richer, more complete context than naive vector
retrieval. Moreover, it is important to note that the
current ontology covers only a portion of the in-
formation needed to build the primer, whereas the
LLM can leverage its full knowledge. Q&A pairs are
extracted from the whole primer, and it can happen
that some questions are partially or fully related to
knowledge not already modelled in the KG.

4. Conclusions and future works

The integration of Knowledge Graphs (KGs) and
Large Language Models (LLMs) through a special-
ized GraphRAG pipeline represents a significant
step toward automating complex strategic analysis.
This research demonstrates that while powerful
LLMs possess substantial parametric knowledge
regarding public companies, they lack the precision
and grounding required for professional strategy
consulting. By adopting an ontology-first approach,
in which domain experts have defined a rigorous
schema, the proposed methodology ensures that
generated content remains anchored in a validated
conceptual framework, effectively mitigating the
risks of hallucination and lack of traceability.

Our experimental evaluation confirms the tech-
nical advantages of leveraging graph structures.
The Vector + Cypher retrieval strategy consistently

outperformed naive vector-only methods in com-
pleteness and usefulness, proving that 1-hop graph
traversals successfully capture the interconnected
nature of strategic risks, drivers, and market dy-
namics. Furthermore, the methodology achieved a
ROUGE-L score three times higher than the LLM-
only baseline, highlighting its necessity in environ-
ments where strict adherence to source documents
is mandatory. While these automated metrics offer
valuable directional insights, we recognize the in-
herent complexities of relying solely on LLM-based
evaluation for qualitative assessment. To further
contextualize these results, as for the next steps,
we plan on including an in vivo evaluation with busi-
ness strategy experts.

Future work will expand the system’s scope be-
yond the current “outside-in” analytical perspec-
tive. We plan to incorporate strategy execution
planning into the framework, which was excluded
from the current study. This expansion involves ex-
tending the ontology to include additional strategic
dimensions, specifically value proposition design,
capability planning, and execution orchestration.
Ultimately, these enhancements are intended to
enable the Knowledge Graph to support the con-
struction of entire strategic Primers.
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