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Abstract

Recently, knowledge graph-based approaches have gained wider adoption across domains thanks to their ability
to enhance explainability and reduce hallucination in domain specific tasks. Although graph-based architectures
have shown promising results, however, evaluation remains an open issue due to the complexity of the analysis
and the inherent subjectivity and variability involved when it comes to practical use scenarios and stakeholders’
needs. In this context, we present GRADES (Graph-based Reliability Assessment of Domain-specific Evaluation
Systems) an evaluation framework for graph-based question answering. To investigate the reliability of the
current state-of-the-art evaluation strategies we insert both automatic and qualitative human-based evaluation at
each step (information extraction, entity linking and verbalization) of a reference graph-based QA pipeline. At
the final step domain experts are engaged to asses both correctness and soundness of the verbalized output. We
apply the pipeline and evaluation framework to a case study in the literary domain, showing that the punctual
evaluation of each step is able to highlight the limits of off-the-shelf tools in a practical use case.
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1. Introduction

In recent years, Large Language Models (LLMs) have demonstrated remarkable capabilities across a
wide range of tasks [1]. Despite these advancements, several scholars have begun to highlight the
limitations of such models across multiple levels. For instance, LLMs outputs have been shown to
suffer from issues such as hallucinations [2], outdated knowledge [3], and a lack of domain-specific
expertise [4]. Additionally, studies have pointed out that LLMs often reflect societal, cultural biases
[5] and under-represent marginalized groups [6]. These limitations undermine the explainability and
trustworthiness of LLMs, particularly when applied to niche domains [7, 2, 8]. In this context, graph-
based retrieval-augmented generation (RAG) approaches, and knowledge graph-based methods more
broadly, have shown promising results across various tasks [9, 10, 11]. These approaches have emerged
as effective strategies to mitigate the aforementioned limitations by incorporating external knowledge
while leveraging the capabilities of LLMs [12, 13], demonstrating strong potential in various fields
[14, 15], particularly in areas that require precise and up-to-date information and involve specialized
knowledge such as question answering (QA). Despite the growing interest and the potential of graph-
based QA, however, the lack of a standardized evaluation framework remains an open research challenge
[16, 17].

In this regard, several studies have stressed the importance of integrating traditional quantitative
metrics with human feedback, particularly in narrative domains such as literature or digital humanities,
to enhance explainability and ensure output reliability [7, 18]. Additional challenges emerge when
LLM-generated outputs are evaluated, particularly since scholars have questioned the validity of using
LLMs to assess their own responses [19, 20]. These concerns underscore the need for new proposals in
the context of hybrid evaluation methodologies that combine human and automatic feedback. Finally,
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it is important to note that since graph-based QA pipelines are inherently multi-component, relying on
a single evaluation strategy carried out on the final output may be overly restrictive.

Having in mind the potential of graph-based QA and the challenges that evaluation sets in this
domain (e.g., lack of human involvement, poor reliability on rare entities, lack of multi-step evaluation),
we developed GRADES (Graph-based Reliability Assessment of Domain-specific Evaluation Systems), a
multi-step evaluation framework that combines automatic and human-generated metrics deployed on a
reference graph-based pipeline!. Aware of the potential of a collaborative approach [21, 22], we propose
a methodology in which evaluation is performed separately in every step (e.g. information extraction,
entity linking, triple extraction); for each step an evaluation is provided from both quantitative and
qualitative, human-based point of view.

The goal of this approach is to deliver an evaluation framework able to face the still open challenge
of integrating quantitative metrics about the extracted and linked entities, and a more qualitative
evaluation by domain experts on the soundness and completeness of the answer. Finally, aiming to
assess the effectiveness of the methodology, we present a case study in which it is applied to a QA
pipeline in the literary domain, selected due to its large size and its capability to encompass mainstream
as well as rare entities. This case study highlights how the characteristics of current tools impact the
various stages of the pipeline, significantly hindering the final outcome. At the same time, however, it
indicates some research directions to integrate graphs and LLMs more effectively in a pipeline tailored
to the needs of the reference communities.

The paper is organized as follows: in Section 2, we review the main works on graph-based question
answering approaches and their evaluation, highlighting the open challenges in the field. Section
3 provides a detailed description of the pipeline and the evaluation framework. The case study is
presented in Section 4. In sections 5 and 6 we respectively present the conclusions and discuss the
limitations of our work.

2. Background

Leveraging information retrieved from knowledge graphs to reduce factual errors in various LLM-based
tasks has become increasingly common in recent years [23, 13, 24]. Graph-based tasks are typically
implemented as a multi-stage pipelines comprising steps such as entity extraction, graph retrieval, triple
verbalization, and prompt tuning, depending on the specific methodology employed. In the context of
QA, several graph-based approaches have been proposed recently [25, 26, 27, 28], each leveraging the
structural advantages of graphs, such as nodes and their relations, in distinct ways.

In terms of evaluation, Graph-RAG approaches are commonly assessed on question answering
benchmarks using metrics such as F1 score, accuracy, and recall [29, 26] or leveraging lexical similarity
metrics [30] such as ROUGE [31] or BLEU [32]. While several benchmarks for evaluating question
answering tasks are now available [33, 34], the evaluation of graph-based methods remains an open
challenge [35].

Recent studies [36, 35] have highlighted the limitations of automated evaluation methods, highlighting
their poor correlation with human judgment [37] and their fallacy in capturing factuality or faithfulness
issues in text [38]. Concurrently, other works [39, 40] are beginning to emphasize the potential of
hybrid approaches that combine the strengths of LLMs with human judgment, aiming to balance validity
and reliability while minimizing data requirements. These studies emphasize that dimensions such
as correctness, clarity, and informativeness are not objective and are often interpreted differently by
human evaluators and automated systems. In this context, some recent studies positively adopted a
hybrid approach to verify the output of a RAG pipeline. Yu et al. [41] successfully integrate human
judgment in the evaluation process of their RAG pipeline to ensure the reliability and robustness of
their results. Gienapp and colleagues [42] highlight the limitations of using LLMs to evaluate LLM-
generated responses and, consequently, advocate for the validity of human evaluation. To this end, they
propose a crowdsourcing-based methodology for the evaluation of RAG systems. While collaborative
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methodologies, well-established in other fields such as human-in-the-loop [43, 44], appear promising,
they remain underexplored and relatively novel within the graph-based QA domain.

Moreover, when assessing the generated answers, multiple dimensions must be considered, such as
correctness, coherence, completeness, and alignment with the actual needs of stakeholders. Recent
studies have proposed LLM-based evaluation frameworks. For example, Es et al. [45] introduce RAGAs,
a framework for evaluating Retrieval-Augmented Generation pipelines without reference data. Their
methodology assesses Faithfulness, Answer Relevance, and Context Relevance through a multi-step
LLM-based evaluation that takes the question and generated answer as input. While the framework is
promising, the authors acknowledge its limitations, as it relies heavily on the performance of the LLMs
used for evaluation. In addition, since LLMs are known to struggle with handling rare entities [46, 47],
basing the evaluation entirely on such models may yield less reliable results.

In our work, acknowledging the current challenges in evaluation, we aim, on one hand, to assess the
reliability of state-of-the-art tools for the different steps of the pipeline, and on the other, to propose a
framework that integrates automatic metrics with human judgment.

3. Pipeline and Evaluation Design

To test our comprehensive evaluation framework, we developed a graph-based QA pipeline leveraging
open-source, state of the art tools. The pipeline comprises several components, including information
extraction, entity linking, triple extraction, and triple verbalization. Given a user query, the pipeline
first extracts target entities using an LLMs-based approach, and then links these entities to those present
in knowledge bases. Subsequently, relevant nodes are retrieved from a knowledge graph using SPARQL
queries. A pruned subgraph is constructed, and the most relevant triples are verbalized through fine-
tuned LLMs. Figure 1 illustrates the pipeline workflow from user query to system-generated answer
and the evaluation steps provided for each phase.

3.1. Information Extraction

The first step of the pipeline is an Information Extraction (IE) task, aimed at extracting relevant entities
and entity types from a question formulated in natural language. However, with respect to a standard
Named Entity Recognition task, this step includes also generic mentions of entity types to drive the
search in the KG. For instance, consider the sentence “Which are the Italian women who won the
Nobel Prize?” where it is possible to identify not only two named entities, but also a demonym (Italian)
and a prize (Nobel) respectively, and the type women, which is relevant for retrieval.

Baseline. We use as a baseline for this step NuExtract-1.5% [48], an open-source, lightweight,
text-to-JSON fine-tuned large language model designed to extract complex information from text and
organize it into structured data. We adopted the small version of NuExtract (NuExtract-tiny), as it
demonstrates remarkable performance even in zero-shot settings when compared to state-of-the-art
models, despite its significantly smaller size. Furthermore, prioritizing an open-source solution was
essential to ensure the reproducibility of our results and resources. The task consists in completing a
predefined template containing empty entity slots with their classes based on the input question. The
template was defined by selecting the top-level classes of the leveraged knowledge-base:

Input: "entities": {

"work": [],
"person": [],
"subject":[],

"publisher":[]
}

Zhttps://huggingface.co/numind/NuExtract-1.5
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Figure 1: The graph-based QA pipeline. Given an input question, relevant entities are extracted from the
question (Information Extraction, Section 3.1), then linked to the most similar ones in the KG, and the relevant
information is retrieved from the graph via SPARQL (Entity Linking and Triple Extraction, Section 3.2); finally,
the extracted triples (Triple Verbalization, Section 3.3) are verbalized. As shown in the figure, an evaluation
strategy is provided for each step.

Evaluation Metrics. In this phase, the evaluation consists of calculating the precision and recall and
F1 score of the information extracted by the baseline model against a manually annotated gold standard
labeled by domain experts. The manual creation of the gold standard by two researchers enables precise
assessment of the baseline model’s performance and supports qualitative analysis.

3.2. Entity Linking

The second step of the pipeline is Entity Linking (EL), aimed at linking the extracted knowledge to the
corresponding entities in the KG. Since our aim is to evaluate the overall performance of a system in
interacting with structured knowledge, the EL phase takes as input the knowledge extracted in the
previous phase. Models are fed with entities and their classes and must return the top-k candidates in
the KG and all the triples where they appear as subject or object.

Baseline. Our baseline for this step is a vector-based similarity search carried out by adopting two
distinct embedding models: sentence-transformers/ all-MiniLM-L6-v2 [49] and GIST-Embedding-

0 [50]. Each input entity, previously extracted from a text and associated with its semantic class (e.g.,
Work, Person), is encoded into a vector representation using both embedding models. These vectors
are then used to query a pre-built FAISS * index corresponding to the entity type. Each index stores
vectorized representations of known entities, enabling efficient nearest neighbor search. Given a query
entity, the index returns the top-k most similar candidates based on vector similarity. The retrieved
entities are identified via their FAISS index positions and then resolved to their corresponding names
and labels using a lookup table stored in Parquet format®*, an open source data file format that enables

*https://github.com/facebookresearch/faiss
*https://parquet.apache.org/



efficient data storage and retrieval. All linked entities derived from the output template are aggregated
into a unified list representing the complete set of candidate links for the input entities. Finally, the
top-ranked entities are used to retrieve triples from the knowledge graph. This is accomplished via
a SPARQL query that extracts all triples from the knowledge base where the target entity appears as
object or subject.

SELECT DISTINCT ?label ?p WHERE {{
BIND ({entity} as ?ent) .
{{?s ?p ?ent}} UNION {{?ent ?p ?s
by
?s rdfs:label ?label .
I

Evaluation. This evaluation phase involves manual validation by domain experts. Specifically, the
top ten entities linked to each input question are assessed for relevance. Average precision is then
computed to quantify the proportion of relevant entities, based on how many of the ten retrieved
entities are pertinent. This evaluation serves a dual purpose: it enables a comparative performance
analysis of the two embedding models used in the entity linking process and provides insights into the
types of entities that are most challenging to link.

3.3. Triples verbalization

Finally, verbalization of the extracted triples is performed, aimed at converting the RDF data in natural
language sentences. This step is crucial to assess to what extent a model is able to recognize the
semantics of triples in their verbalization.

Baseline. For the triples verbalization, inspired by Oliverio and colleagues [51], three different midsize
open-weight English LLMs were fine-tuned: LLaMA 3.1 8B Instruct’,Qwen 2.5 7B Instruct [52],
and Mistral-Nemo-Instruct-2407°. The fine-tuning phase was performed using the WebNLG corpus
[53], a linguistic resource consisting of data units, each represented as a set of RDF triples (subject,
predicate, object) extracted from 15 distinct DBpedia categories. Each data unit is accompanied by one
or more human-written verbalizations produced by expert annotators. For the experiments, we adopted
WebNLG 3.0, which was released during the WebNLG 2020 Challenge.” The dataset was split into
train, dev, and test sets, with each data unit containing between 1 and 7 RDF triples. The parameters
used to fine-tune the models are shown in Table 1. After fine-tuning, we used the models to generate
verbalizations for all the extracted RDF triples.

Evaluation. To evaluate the generated outputs, we structured a two-fold strategy. On one hand,
aiming to assess the completeness and the overall correctness of the produced sentences, we followed
the taxonomy proposed by Kasner and Dusek [54] and manually assessed 50 randomly sampled triple
verbalizations per model. The taxonomy classifies errors into four categories: Incorrect, where the text
contradicts the data; Not Checkable, where the information cannot be verified; Misleading, where the
text is deceptive given the context or the information is missing; and Other, for problematic cases not
fitting the other categories.

On the other hand, to assess the relevance of the generated answers and their validity from a domain-
specific perspective, a separate annotation task was conducted. Subject matter experts were asked to
judge the triples, using a structured evaluation template to asses if the output was pertinent with the

*https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
®https://huggingface.co/mistralai/Mistral-Nemo-Instruct-2407
"https://synalp.gitlabpages.inria.fr/webnlg-challenge/challenge_2020/
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Parameter Value

QLoRA parameters

LoRA attention dimension 64
Alpha parameter 16
Dropout probability 0.1
bitsandbytes parameters

Activate 4-bit precision True
Compute dtype for 4-bit float16
Quantization type nf4
Activate nested quantization False

TrainingArguments parameters

Number of training epochs 2
Enable fp16 training False
Enable bf16 training True
Batch size per GPU for training 4
Batch size per GPU for evaluation 4
Gradient accumulation steps 1
Maximum gradient norm 0.3
Initial learning rate 2e-4
Weight decay 0.001
Optimizer p_adamw_32bit
Learning rate schedule cosine
Warmup ratio 0.03

Table 1
Hyperparameters used in the experiments.

input question. This phase of the evaluation goes beyond traditional quantitative metrics by determining
whether the extracted, linked, and verbalized information is not only technically correct but also useful
in a real-world scenario, providing insight into the applicability of the system’s outputs.

4. Case Study: QA for a Specialized Literary Domain

To assess the effectiveness of the proposed pipeline, we present a case study in which the evaluation
framework is applied in practice. The leveraged knowledge base is the World Literature Knowledge
Graph [55], a collection of writers and works (10.8 million of type human) derived from Wikidata,
Goodreads, and Open Library, created to detect and contrast cultural underrepresentation through the
integration of minor literary archives from selected research projects. Given the well-known limitations
of LLMs in handling entities from niche or specialized domains, this case study focuses on the literary
domain, and on less-represented, minority literary traditions. The rationale behind this choice is
to evaluate the pipeline in a scenario where domain-specific knowledge is critical but potentially
underrepresented in general-purpose language models. The case study consists of an initiative aimed
to foster interdisciplinary research on cultural heritage through a networked representation of writers,
literary works, and places. To ensure that the case study emphasizes underrepresented entities while
maintaining relevance for domain experts, the evaluation focused on a set of specific domains from
ongoing research projects (Travel and literature in the French-speaking World, Pyrenees in sounds and
pictures, Transylvania and the Banat in British travel writing), and was developed in collaboration with
the scholars involved in these projects.



4.1. Case study: Input Question

Recognizing the value of collaborative and participatory approaches in research design [21], we engaged
domain experts and collaborators during the initial phase of input design. First, a research team proposed
a set of questions in natural language; these questions were subsequently reviewed and validated by
two scholars from the foreign literature department.

This process resulted in a final benchmark of 15 different questions to evaluate whether more intricate
queries pose greater challenges for the pipeline. Specifically, four questions focused on identifying
narratives set in specific geographic regions (e.g., “Find travel books that are set in the Alps”), five
combined author’s origin and book setting (e.g., “Find books written by French authors and located in
Morocco”), four combined the language of the text and the location it is about (e.g., “Find books written
in French that talk about the Pyrenees”), and two posed highly specific questions related to books about
locations in Romania (e.g., “Find books about Casa Muresenilor in Brasov”).

4.2. Case study: Information Extraction

For each input question, the model was provided with the following template reflecting the semantics
of the literary domain:

{"work": [], "subject": [], "publisher": [], "person": [],
"language": [], "date": [], "place": [] }}

The task consists of extracting relevant entities from the input sentence and populating the corre-
sponding fields of the predefined template. For the evaluation a gold standard dataset was manually
annotated by two expert annotators using the same set of input questions provided to the models (see
section 4.1). Annotators were asked to fill the entity templates based solely on the question. Finally,
evaluation metrics were computed by comparing the output of NuExtract against the annotated gold
standard. Precision and recall were first calculated for each input question, and then averaged to obtain
the overall metrics. We report a macro-averaged precision of 0.47, a macro-averaged recall of 0.69, and
a macro-averaged F1 score of 0.56. (Results are presented in Table 2.). While the model demonstrates
the ability to extract the relevant entities (Recall) from the input sentence, it often struggles to correctly
assign them to the appropriate category (Precision).

From a qualitative perspective, it was observed that the entity extraction task appears to be more
challenging for simpler questions involving fewer entities. This may be attributed to the model’s
tendency to fill all available slots in the given template, even when fewer relevant entities are present.
In such cases, recall tends to be high, since most relevant entities are retrieved, but precision is relatively
low, as the extracted entities are often incorrectly associated with the target classes.

These findings indicate that this step requires model capabilities beyond those addressed by standard
information extraction (IE) tasks. For example, extracting information from a query like “Find all books
that talk about Marseille” goes beyond traditional Named Entity Recognition (NER), as “book” represents
a generic mention rather than a named entity. Moreover, the models demonstrate difficulty in handling
rare or less frequent entity types. While they correctly associate “Marseille” with location-related types,
they often fail to do so with entity type as “Publisher”.

4.3. Case Study: Entity Linking

Following the proposed methodology (3.2) the extracted entities were vectorized, and the k-most similar
entities were retrieved using a pre-built FAISS index corresponding to each entity type in the knowledge
graph. The evaluation was conducted on the top 10 retrieved entities, with two annotators assessing
the relevance of each result. Annotators were asked to indicate how many out of the ten entities were
relevant to the input question. They were presented with a list of input questions (e.g. Find travel books
that are set in the Alps) each associated with a ranked list of linked entities retrieved by the model
(e.g. {‘entity’: ‘urb:urb_subject_6978’, ‘label’: “alps’, ‘distance’: 4.0611733268837436e-13}), and they were
asked to decide how many of the top 10 retrieved entities are relevant to the input question.



Information Extraction

Metric Value
Macro Precision 0.47
Macro Recall 0.69
Macro F1 0.56

Entity Linking

SBERT Avg Precision 0.326
GIST Avg Precision 0.32

Table 2
Macro precision, recall and F1 for the IE task and Average precision of the Entity Linking task.

Il NC| M| O}

LLaMA 3.1 8B Instruct 0.25 0.00 0.02 0.02
Qwen 2.5 7B Instruct 0.32 0.01 0.00 0.07
Mistral-Nemo-Instruct-2407  0.30 0.00 0.02 0.00

Table 3
Average scores assigned by annotators for each label and model, along with the average agreement metrics.
Symbols used: I stands for Incorrect, NC for Not Checkable, M for Misleading, and O for Other.

The results of the human evaluation were obtained by calculating the Average Precision at 10 over the
entire set of input questions. The two models, SBERT and GIST, demonstrated comparable performance,
achieving average precision scores of 0.326 and 0.32, respectively (see results in Table 2). Both models
tended to perform better on the input that showed higher precision and recall in the entity extraction
task, suggesting that entity linking performance is partially based on the quality of the extracted entities.

The findings highlight that vector similarity correlates closely with surface-level textual similarity,
frequently resulting in the linking of entities with similar names or spellings. Furthermore, our results
highlight a persistent gap in the field of entity linking: current state-of-the-art models, such as Relik [56],
while demonstrating strong overall performance, are typically trained on a limited set of taxonomies
(e.g., Wikidata). As a result, they are not easily transferable to other knowledge graphs and exhibit
limitations in handling long-tail entities [57].

4.4. Case study: Triple Verbalization

The ten top ranked entities per question are then used to extract triples from the KG. After fine-tuning,
a model to generate verbalizations for all RDF triples corresponding to the 15 target questions is used.
This process resulted in 358 verbalizations. For each question, the corresponding verbalizations were
concatenated. Two of the authors manually evaluated the generations and achieved an agreement of
0.98 for KrippendorfF’s alpha and 0.96 for Cohen’s kappa, indicating an almost perfect agreement. Table
3 shows the results of this manual evaluation.

All three models exhibit a preference for passive constructions even when the original predicate
is active. For instance, the triple Alps, has topic, Melissa Hill is verbalized by Llama 3.1 8B as
“Melissa Hill is a topic related to the Alps”. Among the most recurrent error types are those concerning
named entities, which are often modified, e.g., through alterations of book titles or geographic names.
Notably, the most frequent and systematic error across all three models involves triples with the
predicate publishing language, which are regularly erroneously verbalized due to confusion between
subject and object or through incorrect paraphrasing. For example, the triple French, publishing
language, Rosa Montero is incorrectly verbalized by Mistral-Nemo-Instruct-2407 as “Rosa Montero



Task Metric Value

Task_1 Cohen’sK  0.315
Task 2 Cohen’s K 0.154

Table 4
Inter-annotator agreement scores. Task_1: whether the raw triples or their verbalized forms are more informative;
Task_2: perceived relevance of the system’s output with respect to the input question.

is a French publisher”. This behavior may be attributed to the fact that, during training, the models were
never exposed to verbalizations involving this predicate. Importantly, the models almost never exhibit
hallucination or omission phenomena. These results suggest that, unexpectedly, the employed models
lack awareness of entity types. For example, the triple Alps has topic Messner was verbalized as
“Reinhold Messner is a topic of the Alps”, indicating that the model failed to recognize that Messner is a
person (i.e., an agent) and the Alps is a location, more plausibly the subject of a novel or an author’s
interest.

4.5. Case study: Domain Expert Validation

To validate the extracted triples and their corresponding verbalizations, we involved two researchers
from the Department of Foreign Literature. Their role was to evaluate the reliability and relevance of
the extracted content. For each instance, the annotators were provided with the input question, the raw
triples, and their verbalized versions (some examples are presented in Table 5). They were then asked to
answer two evaluation questions: In the context of the input question, are the raw data or the verbalized
triple more explanatory? (task_1), Is the extracted knowledge pertinent to the input question? (task_2).

The opinions of the interviewed experts were not unanimous, and they encountered some difficulties
in carrying out the evaluation. The assessment results were poorer than expected, as the majority of
outputs were labeled as non-pertinent. This outcome is likely attributable to the limited performance
observed in the initial steps of the pipeline.

To assess the difficulty of the annotation tasks and the consistency between annotators, we calculated
the inter-annotator agreement (IAA) for both tasks (Table 4). We obtain a Cohen’s K of 0, 315 for Task_1
and 0.154 for task_2, indicating slight agreement. To further examine the outputs of the verbalization
model in Task_1, a third expert was consulted to resolve cases of disagreement and provide the final
judgment.

Out of 48 analyzed examples in 29 cases the annotators judged the verbalized form as more informative
than the raw triple representation. However, the analysis revealed that the verbalization model exhibited
limited semantic understanding, particularly in interpreting the meaning of relations within the triples.
For instance, the input triple books has topic This is Not the End of the Book, which refers
to the work by Umberto Eco and Jean-Claude Carriére, was verbalized as “This is Not the End of the
Book is a topic in books”. In contrast, a more common input such as books has topic Mark Twain's
Burlesque Autobiography was correctly verbalized as “Mark Twain’s Burlesque Autobiography is a
book.” This suggests that the model performs better on more straightforward or lexically familiar inputs.
Additionally, it appears that verbalization models face greater challenges when dealing with rare or
underrepresented entities. To assess the diffusion and representation of these entities, we examined
their presence in Wikidata. We found that the entity “Mark Twain’s (Burlesque) Autobiography and
First Romance” (wd:Q6770070) is associated with 47 triples, whereas “This is Not the End of the Book”
is not present in Wikidata at all. This disparity may indicate that LLMs struggle with handling rare or
low-resource entities across a variety of tasks.



Question

Triple

Verbalization

Find travel books that
are set in the Alps

alps has topic Mont Blanc
aux sept vallées
alps has topic Melissa Hill

Melissa Hill is a topic related
to the Alps.
Melissa Hill is a topic related
to the Alps.

Find books written by
French and located in
Morocco

French publishing language
Rosa Montero

morocco has topic Abdallah
Laroui

Rosa Montero writes in
French.

Abdallah Laroui is a topic of
Morocco.

Find Romanian books
that talk about Banat

Romanian publishing lan-
guage Panait Istrati
Romanian publishing lan-
guage Miodrag Bulatovi¢

Panait Istrati is a Romanian
author.

AMiodrag Bulatovic¢ is a Ro-
manian publisher.

Table 5

The table presents examples of the data analyzed by the two experts during the annotation process. The first
column contains the input questions, the second column lists the most relevant triples, and the third column
shows their corresponding verbalizations.

5. Conclusion and Future Works

In this work, we presented a human-centered framework for the evaluation of graph-based question
answering. We developed a graph-based QA system composed of discrete, interpretable steps, and
conducted both quantitative and qualitative evaluations for each phase. Recognizing the value of
collaborative approaches, we involved domain experts in the initial phase to validate the soundness of
the input questions, as well as in the overall evaluation phase to assess the relevance and quality of
the system’s outputs. Our focus was particularly centered on the evaluation phase, as the literature
indicates that determining how, and through which parameters, exhaustively evaluate such systems
remains an open challenge. We first observed that tools based on LLMs often struggle with handling
structured knowledge, and that without human supervision, such as evaluation through gold standards
or manual checks, they do not appear to be suitable for exhaustively completing knowledge graph-
related tasks. The evaluation of the system’s output conducted by domain experts provides additional
insights on how LLMs struggle to handle rare and underrepresented entities. This issue, which is of
high relevance within the Al community, becomes even more critical in the context of graph-based
frameworks. Since many pipelines that incorporate external knowledge bases are specifically designed
to mitigate the limitations of LLMs, relying solely on LLMs to evaluate such systems is at risk of creating
a self-reinforcing loop. As recently argued by several scholars [20, 19], substituting human judgment
with LLM-based assessments may be an overly simplistic and potentially misleading approach.

Our work highlights the importance of integrating intermediate evaluation steps into the pipeline
and demonstrates that human evaluation remains a crucial component, particularly when assessing the
final output. We argue that the outputs generated by such models must be validated by domain experts,
as they are ultimately responsible for determining the utility and relevance of the information provided.
In addition, our findings highlight the limitations of current models when used for handling semantic
data, emphasizing its inherent complexity. Through qualitative evaluation, we provide updated insights
into ongoing challenges and offer perspectives on how these models could be improved.

This work while proposing initial metrics and reflections on the role of evaluation, paves the way to
several future works. First, we plan to develop a large-scale evaluation framework involving scholars
and experts from diverse disciplines to ensure broader and more robust validation. Second, in the
context of verbalization, we intend to enhance the model with additional semantic information, such as
the top-level classes of the involved entities, and assess the impact of this information on the quality



and accuracy of the generated verbalizations. In conclusion, by proposing an analysis and evaluation
framework that extends beyond traditional metrics, this study provides a deeper understanding of
the current challenges associated with the various phases of graph-based question answering and its
evaluation.

6. Limitations

The present study offers an in-context evaluation of tools introduced at various stages of a graph-based
question answering pipeline. While the limited number of tools evaluated could be seen as a limitation,
we intentionally selected state-of-the-art models to provide up-to-date metrics and linked qualitative
considerations. Additionally, the use of a single case study could be not exhaustive, however, we chose
this niche area because it aligns with ongoing domain-specific projects that are of interest to various
scholars collaborating on larger initiatives.

In terms of generalizability, the objective of this study was to develop a infrastructure for evaluating
different models at various stages, and across diverse knowledge graphs. In a research landscape,
where assessing the reasoning abilities of LLMs remains an open challenge, we argue that providing a
flexible and domain-independent framework is a critical step toward understanding how these models
perform on specific tasks, topics, and rare entities. While a limitation of this work is its focus on a single
case study, the insights gained from both our qualitative and quantitative analyses inform not only
future enhancements to the evaluation pipeline, but also broader discussions on the socio-technical
implications of deploying such systems in domain-specific contexts.

Finally, the involvement of a small number of field experts means that the results may not be fully
representative. As part of future work, we plan to conduct a large-scale analysis involving more experts
and assess a broader range of input questions.
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