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Abstract

Statistical survey metadata contains essential contextual information that underpins the ac-
curate interpretation, discovery, and reuse of statistical data. However, traditional metadata
formats are not optimized for consumption by large language models (LLMs), which increas-
ingly function as interfaces for data exploration, question-answering, and decision support. This
work introduces a knowledge graph-based approach to modeling survey metadata using seman-
tic web standards and linked data principles, specifically designed to make metadata machine-
understandable and LLM-compatible. The core metadata entities, including surveys, datasets,
variables, concepts, populations, and provenance, are modeled as rich interlinked nodes that
allow reasoning, contextual enrichment, and structured prompting. The graph integrates estab-
lished ontologies such as the Resource Description Framework (RDF) to promote interoperability
and alignment with global standards. We demonstrate how this structure allows LLMs to surface
relevant metadata, ground their outputs in authoritative sources, and generate semantically pre-
cise responses. This approach enhances transparency, facilitates metadata reuse, and supports
the development of artificial intelligence (AI) applications powered by statistical products.

Keywords large language models; linked data; link prediction; metadata interoperability;
retrieval-augmented generation; semantic search; statistical knowledge graphs

1 Introduction

Recent large language models (LLMs) such as BERT (Devlin, 2018), RoBERTa (Liu et al., 2019),
and LLaMA (Grattafiori et al., 2024) demonstrate strong performance across diverse natural
language processing (NLP) tasks. Instruction-tuned systems like GPT-4, Claude, and Gemma
(Kevian et al., 2024; Team et al., 2024) show substantial potential in complex applications,
including education, code generation, and recommendation (Malinka et al., 2023; Li et al., 2022;
Liu et al., 2023).

Despite these successes, LLMs are frequently criticized for limited factual grounding. They
memorize facts present in the training corpus (Petroni et al., 2019), yet multiple studies show
they often fail to reliably recall those facts and may hallucinate—producing statements that are
factually incorrect (Ji et al., 2023; Bang et al., 2023). Existing models learn useful linguistic
patterns from unlabeled text (Liu et al., 2019), but they struggle with factual knowledge that
is sparse, heterogeneous, and embedded in complex forms (Petroni et al., 2019; Logan et al.,
2019). As largely black-box models, LLMs also lack interpretability: knowledge is represented
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implicitly in parameters, making it difficult to inspect or validate. The internal patterns and
functions used to generate predictions are not readily accessible or explainable to humans (Lo-
gan et al., 2019). Even when models produce chain-of-thought rationales (Wang et al., 2023b),
those explanations can themselves hallucinate (Golovneva et al., 2023). These limitations hin-
der deployment in high-stakes domains such as medical diagnosis, legal judgment, and social,
economic, and environmental decision-making. A related challenge is domain adaptation: LLMs
trained on general corpora may not generalize well to specialized domains or newly emerging
knowledge without domain-specific data (Wang et al., 2023a).

In survey statistics—where social and economic indicators inform monitoring and business
decisions—correct interpretation and responsible reuse of data depend on rich survey metadata
that specify what a measurement represents, how it was collected, and under what assumptions
it can be used. When LLMs interact with statistical data without access to such metadata,
their outputs can be incomplete, imprecise, or insufficiently grounded in authoritative sources.
This limitation undermines the reliability of LLMs as interfaces for data discovery, analysis, and
decision support in statistical domains.

Most enterprise metadata repositories are primarily relational and optimized for operational
management rather than machine-understandable reasoning. As a result, they often lack explicit
graph structure, standardized links across survey programs, topics, variables, and measurements,
as well as easily accessible provenance needed to ground LLM outputs. These limitations con-
strain interoperability with modern LLM workflows for semantic search, variable discovery, and
question answering over statistical products.

A growing body of work explores how structured knowledge resources can complement LLMs
(Luo et al., 2020; Hu et al., 2022, 2023; Ristoski et al., 2019). Knowledge graphs (KGs) represent
facts as triples and provide an explicit, structured representation of knowledge, as exemplified by
resources such as Wikidata, YAGO, and NELL (Vrandeci¢ and Krotzsch, 2014; Suchanek et al.,
2007; Carlson et al., 2010). Prior studies show that KGs provide accurate explicit knowledge (Ji
et al., 2021), support interpretable symbolic reasoning (Zhang et al., 2019), evolve as new facts
are added (Mitchell et al., 2018), and can be curated for domain-specific accuracy (Abu-Salih,
2021). Accordingly, integrating KGs with LLMs has attracted increasing attention as a way to
enrich pre-training, inference, and interpretability (Petroni et al., 2019; Lin et al., 2019; Dai
et al., 2021; Liu et al., 2020, 2021).

Despite this progress, statistical survey metadata remains under-served as a first-class do-
main in LLM-KG integration. We argue that a standards-aligned survey metadata KG should
serve as the primary grounding layer for LLMs operating on statistical products. Such a graph
models survey metadata and provenance as interlinked nodes and relations, aligns with estab-
lished statistical standards including the Generic Statistical Information Model (GSIM) (United
Nations Economic Commission for Europe (UNECE), 2025) and Statistical Data and Metadata
Exchange (SDMX) (International Organization for Standardization, 2013), and is published us-
ing semantic web technologies such as RDF (Cyganiak et al., 2014). When integrated into LLM
workflows through retrieval-augmented generation (RAG) and graph-aware ranking and embed-
dings, this grounding layer reduces hallucinations, improves interpretability and traceability, and
enables more precise retrieval and trustworthy AI applications in the statistical domain.

In this work, we present a framework for unifying LLMs with statistical KGs to leverage their
complementary strengths and mitigate their limitations. Our main contributions are as follows:
(1) we present a standards-aligned Statistical Knowledge Graph (SKG) in RDF—aligned with
GSIM and SDMX-—with vintage-aware versioning and resolvable identifiers; (2) we introduce
an LLM-augmented construction pipeline that generates relation-conditioned canonical node
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Figure 1: Conceptual illustration of a transformer-based LLM architecture with self-attention,
showing encoder and decoder stacks and the multi-head self-attention mechanism.

descriptions and concise statement glosses on salient edges to improve retrieval, disambiguation,
and provenance; (3) we propose a fusion architecture that couples SKG-aware retrieval with
RAG, including relation-conditioned text encodings that yield graph-aware embeddings and en-
able grounding-aware prompts with resolvable citations; and (4) we evaluate the approach across
analyst tasks—semantic variable retrieval, data-driven topic discovery, and KG link prediction—
demonstrating consistent improvements of SKG LLM-RAG over strong text-only and flat-RAG
baselines. We conclude by outlining directions for future work in temporal and causal reasoning,
external alignment, human-in-the-loop curation, and neural-symbolic inference.

The analyses and views presented in this work are those of the authors and not the U.S
Census Bureau.

2 Background

2.1 Large Language Models (LLMs)

LLMs are neural networks trained on vast text corpora to predict the next token in context,
and they achieve strong results across many NLP tasks (Yang et al., 2024). This objective
yields rich internal representations of syntax, semantics, and world knowledge that transfer to
classification, extraction, translation, summarization, question answering, and code generation.
As shown in Fig. 1, most modern LLMs are built on the Transformer (Vaswani et al., 2017)
architecture, whose self-attention lets the model weigh dependencies among all tokens, enabling
parallel training, long-range context handling, and flexible conditioning on prompts, few-shot
examples, or retrieved context.

During pretraining, LLMs acquire general language competence from largely unlabeled data.
Post-training aligns them with human use: instruction-tuning (Wei et al., 2021; Sanh et al., 2021)
teaches them to follow natural prompts; preference optimization (Christiano et al., 2017; Ouyang
et al., 2022; Rafailov et al., 2023) steers outputs toward helpfulness and safety; and system
prompting or tool application programming interfaces (APIs) constrain behavior in applications.
Because pretrained knowledge is static and incomplete, many systems connect LLMs to external
tools—search, databases, code execution, and RAG (Lewis et al., 2020). With RAG, the model
conditions on retrieved documents or records, improving factuality and enabling up-to-date
answers without retraining.

LLMs excel at language understanding and generation (Brown et al., 2020; Bang et al.,
2023), rapid task adaptation via prompting, broad domain coverage, and composing multiple
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capabilities (reasoning heuristics, coding, multilingual handling) in a single interface. However,
key risks remain: hallucinations (confident but incorrect statements) (Ji et al., 2023), gaps in
domain knowledge, sensitivity to prompt phrasing, non-determinism, limited interpretability,
and potential bias or privacy concerns. Performance on specialized, structured, or time-sensitive
questions often degrades unless outputs are grounded in authoritative sources—motivating our
use of a standards-aligned knowledge layer for reliable grounding.

2.2 Knowledge Graphs (KGs)

KGs represent facts as triples (i, r, t) that encode relational facts, where h,t € £ are the head
and tail entities and r € R is a relation type drawn from a predefined set. The KG structure
supports querying, reasoning, and linking across heterogeneous sources. We group KGs into four
broad families, noting typical construction methods, representative examples, and how each can
support LLM grounding.

KG={(h,rt) e&xRxE} (1)

where £ and R respectively denote the set of entities and relations.

Encyclopedic KGs. General-purpose graphs that integrate broad, real-world knowledge
from reference sources and community curation. They offer high coverage, are often multilingual,
and are widely reused as background knowledge. For LLMs, they supply common entities and
links but may lack the domain precision and provenance required in specialized settings.

Commonsense KGs. Graphs that encode everyday concepts, events, and typical rela-
tions—often distilled from text or crowdsourcing. For LLMs, they support implicit assumptions
and causal plausibility but do not replace formal, authoritative definitions.

Domain-specific KGs. Focused graphs that capture concepts, constraints, and vocabu-
laries for a particular field (e.g., biomedicine, finance, geology). Examples include the Unified
Medical Language System (UMLS) (Bodenreider, 2004) (biomedical), finance (Bennett, 2013),
and chemistry ontologies (Hastings et al., 2011). Our work falls here: a statistical survey KG
aligned to GSIM/SDMX standards (United Nations Economic Commission for Europe (UN-
ECE), 2025; International Organization for Standardization, 2013) that represents statistical
programs, concepts, variables/indicators, and provenance. Compared with encyclopedic graphs,
domain KGs are smaller but more precise, auditable, and Al-ready—ideal for grounding LLM
outputs in authoritative definitions and lineage.

Multimodal KGs. Graphs that attach or link entities and relations to images, audio, or
video; they enable cross-modal retrieval and reasoning (image-text matching, visual question
answering, recommendation). For LLMs, they add valuable signals when tasks span text and
media.

In summary, encyclopedic and commonsense KGs provide breadth and implicit knowledge,
while domain-specific KGs deliver the precision, versioning, and provenance needed for statistical
surveys and programs; multimodal KGs extend grounding to settings that involve non-textual
modalities. Our work centers on a standards-aligned, domain-specific survey KG published as
linked data and fused with LLMs via RAG and graph-aware ranking to produce grounded, au-
ditable answers. Fig. 2 summarizes this integration as a functional abstraction: encyclopedic
and domain-specific KGs contribute explicit factual, structural, and domain knowledge, com-
monsense KGs contribute implicit relational priors and causal plausibility, and multimodal KGs
extend the same grounding role to cross-modal settings. KGs ground model outputs with au-
thoritative structure and provenance, while LLMs help populate, refine, and query KGs.
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Figure 2: Complementary roles of LLMs and KGs. LLMs provide language understanding and
generalization, while KGs supply explicit structural and domain knowledge. The bidirectional
loop shows KGs grounding LL.M outputs and LLMs supporting KG population, refinement, and
querying—together enabling more accurate and interpretable results.

3 Methods

3.1 Data

We use publicly available metadata from the U.S. Census Bureau’s Census API (U.S. Census
Bureau, 2025). For the American Community Survey (ACS) (U.S. Census Bureau, American
Community Survey, 2025), we harvest dataset-level metadata—such as geographic summary
levels, groups, and tables—and variable-level metadata, including names, labels, concepts, and
data types, via the API discovery endpoints. Because ACS variables evolve across vintages, we
retain year-specific metadata and reference both the ACS one-year (U.S. Census Bureau, Amer-
ican Community Survey 1-Year Estimates, 2023) and five-year (U.S. Census Bureau, American
Community Survey 5-Year Estimates, 2020) program cycles to support node versioning and
stable mappings across releases.

We accessed the API in accordance with the U.S Census Bureau terms of service and citation
guidance. The U.S Census Bureau is the source of the original metadata and data.

3.2 LLM-KG Fusion Model Architecture

As shown in Fig. 3, the architecture for LLM and KG data fusion and advanced reasoning
consists of four modules: a data layer, an LLM and KG fusion core, a representation learning
and RAG module, and an application layer for semantic retrieval, data-driven concept discovery,
and KG question answering.

The data layer provides information on programs, variables, and concepts that are har-
vested and normalized as input to the graph. In the fusion core, LLMs contribute language
understanding, generalization, and adaptability, while the KG contributes structured and do-
main knowledge with clear provenance and interpretability. Two complementary flows operate:
facts and provenance retrieved from the graph ground-model output, and model outputs, in turn,
help populate, refine, and query the graph. The knowledge extraction and RAG components per-
form representation learning for entity, relation, and concept extraction, and assemble prompts
with retrieved definitions and lineage to support in-context learning and model grounding. The
application layer supports semantic information retrieval, data-driven concept discovery, and
question answering over the KG.
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Figure 3: LLM-KG model architecture for advanced reasoning, illustrating the data layer, LLM-
KG fusion core, knowledge extraction and RAG integration, and downstream applications.

3.3 Statistical Knowledge Graph (SKG) Model

This section describes the design of the SKG, including its conceptual schema, construction
process, node contextualization strategy, and knowledge embedding formulation for downstream
retrieval and reasoning tasks. We first describe the conceptual schema of the SKG, followed by
its construction, node-level contextualization, and embedding formulation.

3.3.1 Conceptual Model for the SKG

The conceptual model for the SKG shown in Fig. 4 follows a structured and semantically rich
organization of metadata entities derived from the American Community Survey via the U.S.
Census Bureau’s Census API. The SKG is centered around a hierarchical and contextual struc-
ture, where entities such as Program, Dataset, Variable Group, and Variable are nested, while
others like Concept, Universe, and Geographical Summary Level provide semantic annotations
and constraints. At the foundation of this model lies the Program entity, which represents over-
arching statistical initiatives such as the ACS. Each program is responsible for producing one
or more Datasets, which serve as discrete statistical releases corresponding to specific years,
formats, or tabulation types. Within each dataset, metadata is further structured into Variable
Groups, which provide thematic clusters of related variables—for instance, grouping all variables
related to educational attainment or housing characteristics. These variable groups serve as or-
ganizational containers, each comprising multiple Variables that represent individual data points
or measurements within the survey. Each variable is semantically enriched through relationships
with three additional entities. The Concept entity provides interpretive context by defining the
meaning or domain of a variable—ensuring that its use in analytical or Al-driven applications
is grounded in human-understandable definitions. The Universe entity defines the population
subset to which a variable applies, such as all households, individuals over a certain age, or
employed civilians, thereby setting essential analytic constraints. Additionally, each variable is
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Figure 4: Conceptual model of the SKG showing core metadata entities and their semantic
relationships.

linked to one or more Geographical Summary Levels, which specify the spatial granularity at
which the data is available—ranging from national and state-level aggregates to counties, census
tracts, or block groups. These relationships collectively form a graph-based metadata model in
which each entity is represented as a node and the connections between them are modeled as
typed edges using RDF-based ontologies. This enables inferencing, data discovery, and precise
in-context learning by LLMs. For example, when a variable is queried, the graph can surface not
just its label, but also its governing concept, its applicable universe, and the geographies across
which it is tabulated—all of which can be used to guide reasoning and ensure accurate statistical
interpretation. This linked structure transforms traditional metadata into an LLM-compatible
format that supports structured prompting, transparent grounding, and machine-understandable
lineage—foundational capabilities for Al applications built on statistical data.

3.3.2 LLM-Augmented SKG Construction

We construct a SKG in which each node corresponds to a statistical entity, including programes,
variable groups, variables, concepts, topics, and universes. Edges are created from explicit rela-
tionships in the metadata or deterministically from the schema. Attributes such as annotations
and significance indicators are modeled as separate variable nodes linked by hasAttribute prop-
erty. Provenance is encoded by linking every variable or table node to a program node with
properties for vintage year, release type (one year or five year), and version. We represent every
fact as a KG triple of the form (4, r, t), where h and ¢ are entities and r is a relation type. In
our settings this includes schema facts, crosswalks to external classifications, and year specific
instances of variables. Materializing the graph in this way supports both inductive learning,
where new variables appear in later releases, and transductive reasoning over relations within a
release.

The resulting SKG is rich in provenance and semantic precision and is designed to be ready
for AI use. Nodes carry stable identifiers, human readable labels, and machine understandable
descriptions, and edges preserve alignment with statistical standards such as GSIM and SDMX.
This structure enables retrieval, reasoning, and grounding of LLMs in statistical variable defi-
nitions and relationships.



8 Belyaeva, 1. et al.

3.3.3 Node Contextualization

We enrich each node in the SKG with a short, canonical description generated by a language
model from authoritative metadata. The goal is to provide compact, human-readable context
that stabilizes retrieval, improves entity disambiguation across vintages, and supports grounded
answers. For every node (program, table or group, variable or indicator, concept, topic, uni-
verse) we assemble a deterministic, schema-aware record that includes identifier, label, type, key
relations (group, concept, topic, universe, measure), year or vintage, and minimal provenance.
The language model receives only this record and, when available, a short definition from source
documentation.

3.3.4 Knowledge Embeddings

Given a relational triple (h, r, t), we obtain vector representations by encoding the textual de-
scriptions of the head and tail entities, conditioned on relation r, and by encoding the relation
description itself:

Eh = Es(teXth,r),

E, = E(text,,), (2)

E, = E(text,).

Here, text,, and text,, are the relation-conditioned descriptions of & and ¢, and text, is the
description of relation r. The function E,(-) is a shared text encoder, and Ej, E;, E, € R? are
the resulting embeddings for &, ¢, and r.

4 Experiments

In this section we describe the experimental settings for NLP and knowledge extraction tasks.
We evaluate the SKG and the LLM-KG fusion on tasks that mirror analyst workflows (see
Section 4.1): semantic variable retrieval, KG link prediction, and data-driven concept discovery,
with grounding provided by the SKG LLM-RAG model where applicable. We compare the
models described in Section 4.3, both with and without the SKG, and report retrieval, link
prediction, and topic discovery metrics as defined in Section 4.4. The following subsections
describe datasets and query construction, the tasks evaluated and models compared, and the
experimental protocol.

4.1 NLP and Knowledge Extraction Tasks

We evaluate the SKG on three tasks that reflect analyst workflows:

1. Semantic dense retrieval. Given a natural-language query, return the most relevant sta-
tistical variables/indicators together with their metadata.

2. KG link prediction. Given a held-out triple (4, r, t), rank the true entity against corrupted
candidates to assess whether learned embeddings capture SKG structure.

3. Data-driven concept discovery. Given a corpus of variable metadata and a topic prompt
template, surface candidate concepts and associated variables that define a coherent topic.

Our hypothesis is that the SKG and its graph embeddings improve retrieval and link predic-

tion quality and enhance data-driven topic discovery relative to unstructured model baselines.

We further expect that incorporating RAG on top of the SKG yields more accurate results in

settings where it is applied.
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Table 1: Models evaluated in the experiments, organized by retrieval strategy, use of structured
metadata, and generative capability.

Model Retrieval Strategy Structure Generation
BM25 Lexical - -
Text-encoder Semantic dense - -
LLM-prompt-only (parametric) - - v
LLM-RAG Semantic dense - v

SKG LLM-RAG Graph-aware semantic dense retrieval SKG v
BERTopic - - v

Table 2: Applicability of each model to the evaluation tasks. A check mark indicates that the
model is evaluated on the corresponding task.

Model Semantic Retrieval  Topic Discovery KG Link Prediction

BM25

Text-encoder
LLM-prompt-only (parametric)
LLM-RAG

SKG LLM-RAG

BERTopic -

NN

SNENN
AN
|

4.2 Datasets and Query Sets

We build evaluation sets from the ACS data releases described in Section 2. Each entity in the
SKG has a canonical textual description and statement-level gloss as defined in Section 1 and
Section 2. We collect natural language queries by paraphrasing table titles, variable labels, and
user-facing documentation. For each query, LLM-based annotators mark one or more relevant
variables and concepts.

4.3 Experimental Settings

We compare a set of models spanning lexical, dense, generative, and graph-aware approaches to

retrieval and topic discovery. The experimental design isolates the contributions of (1) semantic

retrieval, (2) LLM-based generation, and (3) grounding in structured statistical metadata via the

SKG. Models differ along three orthogonal dimensions: retrieval strategy (none, lexical, dense, or

graph-aware), use of structured metadata (absent versus SKG-aware), and generative capability

(absent versus LLM-based).

Table 1 and Table 2 summarize the models considered and their applicability to each eval-
uation task, clarifying how differences in retrieval strategy, structured metadata usage, and
generative capability map to the experimental design.

1. Best Match 25 (BM25) — lexical retrieval. BM25 (Robertson and Zaragoza, 2009)
serves as a lexical baseline over canonical SKG node descriptions. It provides a reference for
keyword-based matching without learned semantic representations or generative modeling.

2. Text-encoder — semantic dense retrieval. A dense retrieval baseline that encodes
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natural-language queries and canonical SKG node descriptions using a shared sentence-level
Transformer encoder (Reimers and Gurevych, 2019), ranking entities by vector similarity.
This model performs semantic retrieval only and does not use graph structure, relation con-
ditioning, or generation. It isolates the benefit of dense text representations in the absence
of explicit graph signals.

3. LLM-RAG — dense retrieval with unstructured RAG. An LLM-RAG baseline that
retrieves variable metadata from an unstructured corpus and conditions an LLM on the
retrieved text. This setting evaluates whether unstructured retrieval improves semantic re-
trieval and generation without exploiting graph structure or structured statistical provenance.

4. SKG LLM-RAG — graph-aware retrieval with RAG. Our full model retrieves SKG
entities and statement-level descriptions using graph-aware embeddings and composes
grounded LLM-RAG prompts that explicitly encode universe, measure type, vintage, and
minimal provenance, with resolvable citations to source nodes or statements.

5. LLM—prompt—only — parametric generation. A pure generative baseline in which an
LLM produces topic word lists directly from the prompt, relying solely on internal parametric
knowledge. The model does not retrieve documents or SKG entities. It does not define a
retrieval or ranking function over variables or triples. As a result, it is evaluated only on the
topic discovery task and is not applicable to semantic retrieval or link prediction.

6. BERTopic — topic modeling baseline. For topic discovery, we additionally include
BERTopic (Grootendorst, 2022), a neural topic modeling method that clusters document
embeddings to produce data-driven topic representations. BERTopic is evaluated only on
the topic discovery task and not on retrieval or link prediction.

The experimental design is structured to isolate the incremental contributions of seman-
tic retrieval, LLM-based generation, and structured statistical grounding. Lexical (BM25) and
dense (text-encoder) baselines quantify gains from semantic representations without generation,
while generative baselines (LLM-prompt—only and LLM-RAG) assess the effects of parametric
knowledge and unstructured retrieval. SKG LLM-RAG integrates graph-aware retrieval with
generation to evaluate whether explicit modeling of universe, measure, vintage, and provenance
yields additional benefits beyond text-only approaches. To ensure fair comparison, all models use
the same query sets and share a fixed prompt budget and, when applicable, the same retrieval
depth. Hyperparameters for BM25 and dense retrieval are tuned on a development split, and
test-time contexts are restricted to short definitions and minimal provenance so that observed
performance differences reflect modeling choices rather than experimental artifacts.

4.4 Evaluation Metrics

We evaluate performance across analyst-relevant tasks using metrics for semantic dense retrieval,
knowledge link prediction, and data-driven topic discovery.

4.4.1 Semantic Dense Retrieval Metrics

For semantic dense retrieval, we report Recall@K (3) (Manning et al., 2008) and normalized
discounted cumulative gain at K (nDCGQK) (6) Jarvelin and Kekéldinen (2002) for variable
and concept retrieval, with results reported at K € {1,5,10}. Recall@K measures whether
relevant items are retrieved within the top K results, while nDCG@K captures ranking quality
by assigning higher weight to relevant items appearing earlier in the ranked list.

In the metric definitions below, k denotes a generic cutoff; in our experiments, we report
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results at fixed cutoffs K € {1, 5, 10}.

}Rq N né‘}
Recall@k(g) = ——41, 3)
IR,
where R, is the set of relevant items for query ¢ and JT(f = {d,, ..., d;} denotes the set of the
top-k retrieved items.
k
G(rq i)
DCG@k(g) = — 4
9 ; log,(i + 1) (4)
k
G(r* )
IDCG@k(q) = — 5
DCG@k
DECCKG)  1hegekig) > o,
nDCG@k(q) = { IDCG@k(q) (6)
0, otherwise.

Here, r,; denotes the relevance grade (binary or graded) of the item at rank i for query
q, ry; denotes the relevance grade at rank i in the ideal ranking (items sorted by decreasing
relevance), and G(-) is the gain function (we use G (x) = 2*—1 for graded relevance and G(x) = x
for binary relevance).

4.4.2 KG Link Prediction Metrics

For KG link prediction, we evaluate performance using Mean Reciprocal Rank (MRR) (7) and
HitsQK (8) on held-out triples under the filtered evaluation protocol. In this setting, when
ranking a target entity for a query triple, all other triples known to be true are removed from
the candidate set to avoid penalizing the model for predicting alternative correct facts.

MRR captures how highly the correct entity is ranked on average by computing the inverse
of its rank, while Hits@K measures the proportion of queries for which the correct entity appears
within the top K ranked candidates. We report Hits@K at fixed cutoffs K € {1, 5, 10}.

MRR = — ) —, (7)
0152
Hits@k = - > 1r, <k]. (8)
01 &

Here, Q denotes the set of evaluation queries, r, is the rank position of the correct entity for
query ¢, and 1[-] is the indicator function. In the definitions above, k denotes a generic cutoff;
in our experiments, we report results at fixed cutoffs K € {1, 5, 10}.

KG link prediction metrics require models to define an explicit and deterministic scoring
function over triples (h, r, t) in order to rank candidate entities.

Text-encoder model. The text-encoder baseline defines a node-only scoring function:

fnode(h,r, t) :Sim(EhvEI)v (9)
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where E, = E,(text,) is the embedding of entity e derived from its canonical textual description.
This formulation evaluates whether entities that should be linked are embedded close to one
another, without explicitly modeling relation semantics.

SKG relation-aware model. The proposed SKG model, defined in (1)—(2), uses a relation-
aware scoring function based on relation-conditioned embeddings:

fska(h, r,t) = sim(E, + E,, E;), (10)

where E, = E(text, ), E, = E(text, ), and E, = E;(text,) are defined as in (2). By conditioning
entity representations on the relation, this scoring function explicitly captures the relational
structure encoded in the SKG.

BM25 is a lexical text-ranking method and does not explicitly model entities or relations;
as a result, it does not define a scoring function over knowledge graph triples and cannot be
applied to link prediction. Similarly, LLM-RAG models retrieve and generate text but do not
maintain explicit entity or relation representations, nor do they define a deterministic triple-
level scoring function. Consequently, neither BM25 nor LLM—RAG is applicable to standard
KG link-prediction evaluation, and both are excluded from these metrics.

We therefore report link-prediction metrics only for models that define a deterministic
scoring function over triples (&, r, t), namely the text-encoder baseline and the proposed SKG
LLM-RAG model.

4.4.3 Data-Driven Topic Discovery Metrics

We assess the quality of discovered concepts and topics using topic coherence measured by
normalized pointwise mutual information (NPMI) (12) and topic diversity (TD) (16). Together,
these metrics capture semantic consistency within topics and lexical coverage across topics.
Let Wy = {wy, ..., wy} denote the set of the top-M words associated with topic k. Using
a reference corpus (e.g., SKG node and statement descriptions together with public documen-
tation), we estimate word and word-pair probabilities by sliding a window of size L over the

corpus:

C(w) C(w;, wj)

p(w) = vt p(wi, w;) = N

where C(-) denotes the number of windows in which a word or word pair occurs, N is the total
number of windows, and a small constant € is added in practice to avoid zero probabilities.

Pairwise word association is quantified using pointwise mutual information (PMI) and its

normalized variant:

’

PMI(w;, w;) = log—L2 1) (11)
p(w;) p(w;)
PMI(w;, w;
NPMI(wy, w)) = — Wi ) (12)
—log p(w;, w;)

Topic-level coherence is computed as the average NPMI over all unordered word pairs within
a topic:

2
k)= ——— NPMI(w;, w;). 1
Cnpwir (k) MM —1) 1<,§g1v1 (wi, wy) (13)

Corpus-level coherence is obtained by averaging over all topics:

| X
Cnpwvr = e ;CNPMI(/C), (14)
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where K denotes the total number of topics.

Following prior work, we use M € {10, 20,25} and window sizes L in the range 10-20
(Bouma, 2009; Newman et al., 2010; Lau et al., 2014; Roder et al., 2015).

To complement coherence, TD quantifies lexical coverage across topics and penalizes re-
peated top words. Let

K
v=|Jw (15)
k=1
be the number of unique words appearing across the top-M lists of all topics. TD is defined as
U
™D = —— € (0, 1], 16
S0 (16)

with larger values indicating fewer repeated words and broader lexical coverage.

For each model, we report corpus-level coherence Cxpmi (14) and TD (16), together with
95% bootstrap confidence intervals computed over queries or random topic initializations. Higher
values indicate better performance for both metrics.

5 Results

In this section, we report empirical results for the evaluation protocols described in Section 4.
We evaluate the models introduced in Section 4.3 across the analyst-oriented tasks defined in
Section 4.1. Results are organized by task: semantic dense retrieval, KG link prediction, and
data-driven topic discovery. The models are evaluated using the metrics defined in Section 4.4.
Not all models are applicable to every task. We therefore report results only where a given
system defines a meaningful scoring function. The LLM—prompt—only baseline is evaluated only
for topic discovery. Unless noted otherwise, scores are macro-averaged over queries to ensure
equal weighting across query types, with 95% paired bootstrap confidence intervals. Within
each table or figure, the best-performing result is highlighted in bold.

5.1 Semantic Dense Retrieval Task

We evaluate retrieval-capable models (BM25, Text-Encoder, LLM-RAG, and SKG LLM-RAG)
on a semantic dense retrieval task in which, given a natural-language query, the objective is
to return the most relevant variables together with their associated metadata. Performance is
reported using Recall@K and nDCGQK for K € {1,5, 10}. Table 3 reports aggregate results
across all cutoffs, and Fig. 5 presents retrieval performance at K=5 and K=10.

Across all cutoffs, the SKG LLM-RAG system consistently achieves the highest Recall@K
and nDCG@K among all evaluated models. By retrieving SKG entities and statement-level
descriptions that explicitly encode universe, measure, and vintage information, SKG LLM-RAG
ranks the intended variable near the top more frequently than LLM-RAG, the dense text-encoder
retriever, or BM25. The LLM-RAG baseline ranks second overall, while the text-encoder retriever
consistently performs third, outperforming the purely lexical BM25 baseline but falling short of
graph-grounded SKG LLM-RAG.

The gains of SKG LLM-RAG are most pronounced for queries that implicitly specify a
population or a measure. For example, queries about industry employment for the civilian em-
ployed population or the percentage of households with broadband are resolved by matching not
only surface terms but also the universe and measure encoded in the SKG descriptions. Queries
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Table 3: Semantic dense retrieval results. Metrics are macro averaged over queries; higher is
better.

Model Recall@K nDCGQK
k=1 k=5 k=10 k=1 k=5 k=10
BM25 0.34 0.58 0.68 0.34 0.49 0.54
Text-encoder 0.48 0.73 0.81 0.48 0.65 0.69
LLM-RAG 0.51 0.75 0.83 0.51 0.67 0.71
SKG LLM-RAG 0.63 0.85 0.90 0.63 0.77 0.80
BM25 B Text-Encoder [l LLM-RAG SKG-LLM RAG Il
1.0+ 1.0+
(a) (b)
0.8 0.8
§ 06 g 061
2 041 g 04
0.2 02
0.0- 0.0
Precision@5 Recall@5 nDCG@5 Precision@10 Recall@10 nDCG@10

Figure 5: Semantic dense retrieval performance for BM25, Text-Encoder, LLM-RAG, and SKG
LLM-RAG across cutoffs K=5 and K=10. Higher is better.

that deviate from official table labels through synonyms or paraphrases similarly benefit from
normalized terminology and consistently structured descriptions.

LLM-RAG pipelines can surface passages containing query terms, but they sometimes pro-
mote text that does not align with the appropriate universe or vintage. Lexical retrieval such
as BM25 performs competitively when queries closely match variable labels, yet degrades when
variable names are abbreviated or when multiple vintages share nearly identical titles.

Error analysis identifies three recurrent failure modes in non-SKG systems: short queries
that conflate topics and populations, collisions among labels across vintages, and near-duplicate
variables that differ only by measure type. Ablation studies confirm that removing SKG node
descriptions in favor of bare labels reduces both Recall@K and nDCG@QK, particularly for
semantically similar variables. Incorporating statement-level glosses on edges—which explicitly
restate universe, measure, and year—further improves ranking by providing compact evidence
retrievable alongside the entity.

Overall, these results demonstrate that SKG LLM-RAG delivers the most precise and robust
semantic retrieval performance for analyst-style queries, particularly in settings where accurate
disambiguation requires explicit reasoning over population universe, measure type, and vintage.

5.2 KG Link Prediction Task

We evaluate how well learned representations capture the relational structure of the SKG using
KG link-prediction protocols. We evaluate link prediction using two models: a text-encoder
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Table 4: KG link prediction on held-out triples. We report MRR and Hits@K for K € {1, 5, 10};
higher is better.

Model MRR Hits@QK

BM25 — — — —
Text-encoder (nodes) 0.61 0.46 0.72 0.81
LLM-RAG — — — —
SKG LLM-RAG 0.78 0.64 0.86 0.91

Notes: Link prediction evaluates the ability to recover missing edges using learned KG representations. BM25
and LLM-RAG are retrieval/generation systems and do not define a link-prediction scoring function; we

therefore report “—.

Text-Encoder [l SKG-LLM RAG B
1.0

0.8

Metric Score
o
(=)}

=
~

0.2

0.0-

MRR Hits@1 Hits@5 Hits@10

Figure 6: KG link prediction performance. Comparison of link-prediction results for the text-
encoder baseline and the SKG LLM—-RAG model on held-out SKG triples. Bars report MRR, and
Hits@QK for K € {1,5, 10} under the filtered evaluation protocol. Higher values indicate better
recovery of missing relations.

baseline and the proposed SKG LLM-RAG model. Following common practice, each test triple
(h, r, t) is evaluated in a filtered setting. The gold entity is ranked against corrupted candidates
generated by replacing h or ¢t with all entities of the same type. Other known true triples are
removed from the candidate set. We report MRR and Hits@K for K € {1, 5, 10}, as defined in
Section 4.4.2.

The text-encoder baseline defines a node-only scoring function (9) based on similarity be-
tween entity embeddings derived from canonical node descriptions. In contrast, the proposed
SKG LLM-RAG model uses the relation-conditioned descriptions introduced in Section 3.3.4. It
defines a relation-aware scoring function (10) that scores candidate triples via similarity between
relation-aware entity embeddings and the corresponding relation embedding. Retrieval-based
models such as BM25 and LLM-RAG do not define deterministic triple-level scoring functions.
Therefore, they are not applicable to link-prediction evaluation. Entries for these models are
reported as — in Table 4.

Table 4 and Fig. 6 show that relation-aware SKG embeddings substantially outperform
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Table 5: Topic quality for data-driven discovery. We report NPMI topic coherence and TD over
the top M =20 words per topic; higher is better.

Model CNPMI (MZQO, T) TD (MIQO, T)
BERTopic 0.200 0.84
LLM prompt-only 0.130 0.72
LLM-RAG 0.220 0.80
SKG LLM-RAG 0.330 0.93

SKG-LLM RAG 1l
BERTTopic [l LLM Only |l LLM-RAG
1.0

" Bl 'J

Cnemi (M=20) TD (M=20)

Metric Score
I
[*)

=
~

(=)
[\

Figure 7: Data-driven topic discovery results. Bars show corpus-level coherence Cxpyvi and Topic
Diversity (TD), both computed over the top M=20 words per topic, for BERTopic, LLM prompt-
only, LLM-RAG, and SKG LLM-RAG. Higher values indicate better performance.

node-only encodings. The SKG model achieves an MRR of 0.78, compared with 0.61 for the
text-encoder baseline. Gains are consistent across Hits@1, Hits@5, and Hits@10. This indicates
more accurate ranking of the correct neighbor among hard negatives. Most residual errors arise
from aliases and closely related variables that differ only by vintage or minor definitional changes.

Overall, these results demonstrate that relation-conditioned representations enable the SKG
LLM-RAG model to capture the SKG’s relational structure more effectively than node-only em-
beddings. Therefore, the SKG LLM-RAG model provides a stronger foundation for downstream
retrieval tasks that depend on accurate structural inference.

5.3 Data-Driven Topic Discovery Task

We evaluate systems on a data-driven topic discovery task whose goal is to surface coherent
and non-redundant topic candidates from an SKG-aware corpus. We compare four models: (1)
BERTopic (Grootendorst, 2022), a strong topic-modeling baseline; (2) an LLM prompt-only
baseline without retrieval; (3) LLM-RAG, which retrieves unstructured documentation chunks
without using graph structure; and (4) SKG LLM-RAG (ours), which retrieves SKG entities
and statement descriptions with explicit universe, measure, and vintage for grounding and prove-
nance. We report topic coherence using corpus-level Cxpyp (14) and topic diversity using TD (16).
Both metrics are computed over the top M=20 words per topic. Table 5 and Fig. 7 present the
results.
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SKG LLM-RAG achieves the best performance on both coherence and diversity metrics,
outperforming LLM-RAG and BERTopic. Gains are largest for prompts that implicitly constrain
population or measurement semantics. Prompts about digital access or labor participation yield
topics that consistently reflect the correct universe, such as households versus housing units or
the civilian employed population, and the intended measure type, such as rates versus counts.
Because SKG node and statement descriptions normalize terminology and encode universe,
measure, and vintage in a consistent structure, the resulting topics align more closely with
underlying statistical concepts and avoid noise from near-duplicate variables.

LLM-RAG improves over the LLM prompt-only baseline but often aggregates passages
that mention relevant terms without enforcing scope. Topics may therefore mix universes or vin-
tages, reducing coherence and increasing redundancy. Error analysis reveals two recurring failure
modes in non-SKG systems: (1) prompts that conflate related populations, such as households
and families, lead to mixed-scope topics; and (2) near-identical labels across releases inflate word
repetition and reduce topic diversity. Ablation studies confirm these effects. Removing relation-
conditioned node descriptions in favor of bare labels reduces both Cypyr and TD. Adding concise
statement-level glosses that restate universe, measure, and year improves both metrics by pro-
viding compact, retrievable evidence that guides topic grouping.

Overall, these results show that grounding topic discovery in the SKG LLM-RAG pipeline
yields topics that are both more semantically coherent and more diverse than those produced
by LLM prompt-only or LLM—RAG approaches. Improvements in Cxpyr and TD indicate that
graph-aware grounding provides a stronger inductive bias for assembling interpretable, non-
redundant concept sets suitable for downstream retrieval.

6 Discussion

Across tasks that reflect analyst workflows, the SKG improves both retrieval and generation qual-
ity when used to ground LLMs. In semantic retrieval, indexing node- and statement-level descrip-
tions yields higher Recall@K and nDCG@K than text-only systems, particularly for queries that
implicitly encode population scope or measurement semantics. In data-driven topic discovery,
SKG LLM-RAG produces topics that are both more coherent (higher NPMI) and less redundant
(higher TD) than BERTopic, LLM-prompt-only, and unstructured LLM-RAG models (Table 5,
Figure 7). KG link prediction results on held-out triples further indicate that SKG-aware em-
beddings capture relational structure, supporting completion of missing edges and multi-hop
reasoning. Together, these findings support the central premise of this work: a standards-aligned
SKG provides an effective inductive bias for grounding LLMs in statistical settings.

Two design choices appear especially important. First, relation-conditioned node descrip-
tions expose universe, measure type, vintage, and minimal provenance in a compact and consis-
tent schema, stabilizing retrieval and reducing ambiguity when surface forms are similar across
years or programs. Second, statement-level glosses attached to edges restate the semantics of
key links, enabling retrievers to surface concise evidence alongside entities and allowing RAG
prompts to include resolvable resource identifiers. Together, these mechanisms reduce halluci-
nation pressure and improve attribution in downstream question answering.

Grounded retrieval and generation support repeatable analyst workflows, including iden-
tifying the correct variable among near-duplicates, tracing the applicable population universe,
verifying measure types prior to analysis, and enforcing vintage-specific constraints. The SKG
also provides a maintainable path for metadata evolution: new releases are represented as ex-
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plicit nodes with versioned lineage rather than silent changes in documentation. This design
directly supports auditability and reproducibility.

Finally, aligning the SKG with GSIM and SDMX and publishing it using RDF improves
interoperability across statistical programs. It also clarifies governance by treating definitions,
universes, and vintages as first-class graph objects with explicit ownership and change histo-
ries. This structure supports transparent versioning, deprecation, and crosswalks to external
classifications, which are essential for longitudinal and comparative analysis.

7 Conclusion

We presented an industry standards-aligned SKG as a grounding layer for LLMs oriented to con-
sume statistical data. We introduce an SKG that models programs, datasets, variable groups,
variables, concepts, universes, and provenance. We enrich nodes with relation-conditioned de-
scriptions and attach statement-level glosses to salient edges. Integrated into RAG, this structure
improves semantic retrieval, strengthens topic discovery, and supports link prediction and ques-
tion answering with resolvable citations.

The results show that SKG LLM-RAG offers consistent gains over text-only and unstruc-
tured LLM-RAG pipelines, especially when disambiguation requires an explicit universe, mea-
sure type, and vintage. Beyond metric improvements, the approach advances transparency and
auditability by grounding answers in authoritative, versioned definitions aligned with GSIM and
SDMX.

Limitations and feasibility. Despite these advantages, the proposed approach has several
limitations that warrant discussion. Constructing and maintaining a standards-aligned SKG re-
quires upfront investment in metadata engineering, ontology alignment, and governance, which
may limit immediate adoption in organizations without mature metadata infrastructure or do-
main expertise. While the approach is well suited to large statistical agencies and institutions
with stable metadata standards, it may be less feasible for ad hoc datasets or domains where
definitions, populations, and measures are weakly specified or rapidly changing. Moreover, the
benefits of SKG grounding depend on the quality and consistency of the underlying metadata;
incomplete or inconsistently versioned metadata can propagate uncertainty into retrieval and
generation. Finally, although the SKG improves topic discovery and retrieval, it does not elimi-
nate the need for human oversight, as analysts must still assess the appropriateness of retrieved
variables and generated explanations for a given analytical context.

We see five promising directions: (1) temporal and causal reasoning—extending RAG to
reason explicitly over time, including definitional changes and population shifts across vintages;
(2) entity alignment and external links—developing robust crosswalks to external ontologies
and code lists to broaden grounding beyond a single program; (3) human-in-the-loop curation—
incorporating active-learning loops in which analysts validate citations and the SKG learns from
corrections; (4) neural-symbolic inference—combining text encoders with graph-based retrieval
and rule-based constraints for program-specific checks; and (5) evaluation at policy grade—
conducting domain-expert assessments of groundedness and utility in realistic decision-support
scenarios, beyond standard information retrieval metrics.

Looking ahead, we envision statistical agencies and research teams building and sharing
SKGs as reusable infrastructure for discovery, analysis, and communication. With careful gov-
ernance, privacy safeguards, and human oversight, such graphs can make LLM-powered tools
more reliable and interpretable, accelerating responsible use of statistical products in research
and decision making.
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