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Abstract. Recommender systems play an important role in providing
items to users that align with their goals. However, explaining the rele-
vance of recommended items remains challenging; a particularly impor-
tant task for high-stakes domains like agriculture where both suitability
and interpretability of recommendations is crucial. Knowledge Graph
(KG)-based approaches can provide suitable recommendations, but lack
fluent explanations. Recent Large Language Model (LLM)-based recom-
mender systems excel in natural explanations, yet are limited in factual-
ity or coherence. Combining strengths of LLM-based recommendations
with knowledge presents a promising direction. We introduce KRAG-
GER (Knowledge Retrieval-Augmented Generation for Graph-based Ex-
plainable Recommendation), a composite framework combining KG- and
LLM-based methods. We apply KRAGGER to an agricultural use case
by testing its ability to recommend technologies to farmers while explain-
ing provided matches. The contributions of this paper are: 1) KRAG-
GER’s three recommendation methods: Graph-Graph, Graph-Attribute
and Attribute-Attribute matching, and 2) KRAGGER'’s three explana-
tion methods: Rule-Based (RB), LLM and RB-LLM, and 3) an agricul-
tural recommendation KG dataset describing farmers and farm technolo-
gies. Recommendation performance of KRAGGER is measured quanti-
tatively with catalog coverage and intra-list diversity on five different
embedding models. Additionally, a user study is performed with domain
experts to validate recommendation performance and measure simplicity,
fluency, coherence and trustworthiness of explanations. Results show the
fine-grained attribute matching recommendation performs best, which
forms the basis of the highest rated RB-LLM rephrasing explanation
method. Thus, KRAGGER shows promising capabilities for grounded,
yet natural recommendation explanations, underscoring the importance
of composite AI (KGs and LLMs) to support difficult decision making,.
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1 Introduction

Al-driven recommendations are increasingly used; not only in our daily life to
find hotels, restaurants or movies, but also in high-stakes domains like healthcare,
judicial cases and agriculture [10,64]. Recommender systems, a type of advice-
giving information retrieval system, support users in choosing among options
that match their preferences or goals [5]. When users are faced with difficult
decisions in sensitive contexts, providing high-quality advice is essential: rec-
ommendations should be both accurate and well-interpretable to avoid harmful
outcomes [2,56,58]. Thus, creating trustworthy advice-providing Al requires at-
tention on both performance and the quality of their explanations [21,36]. Simply
put: in these domains, a recommendation without proper explanation is of little
use, and vice versa: an explanation may be fluent and convincing, but if it is
based on an unsuitable recommended item, it is not useful either.

One well-known approach for recommendation is Content-Based (CBR),
where recommendations are based on matching the content of users and /or items
[1]. This approach is particularly useful in ‘cold start’ situations, where little prior
information is available [29], which is often the case in real-life high-stakes do-
mains. Knowledge Graph (KG)-based approaches can provide suitable CBR, but
often lack the capability of fluently explaining why particular matches are sug-
gested [30]. Recently, the use of Large Language Models (LLMs) for recommen-
dations has grown [32,53]. Approaches such as Retrieval-Augmented Generation
(RAG) leverage the semantic strength of LLMs to both recommend content from
sources and explain the match in a natural way. However, LLMs have limitations
on coherence and factuality of their explanations [45].

To leverage the combined strengths of LLM-based CBR with KG-based
CBR, we introduce KRAGGER (Knowledge Retriever Augmented Generation
for Graph-based Explainable Recommendation), a recommendation framework
that aims to provide knowledge-based RAG recommendation, enriched with
recommendation explanations that utilizes rule-based templates and LLMs.
This framework allows, instead of matching full free-text descriptions, users
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Fig. 1: An example of one-to-one user-item matching recommendation (left) ver-
sus attribute-based, LLM-processed recommendation with explanation (right).
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and items to be described with more fine-grained information, aligned with
structured knowledge representations in a KG. In this way, knowledge graphs
can be integrated with RAG into composite CBR to provide advice that reflects
both the user and item attributes. Figure 1 illustrates an example scenario
in a high-stakes domain. On the left, a farmer is matched to an item in a
one-to-one manner (user description to item description), which produces a
limited recommendation and leaves the farmer with little explanatory insight.
On the right, however, the farmer describes themselves in terms of attributes,
which are aligned with item attributes and then processed by an LLM to provide
a natural, more fine-grained explanation, leading to more insight. Throughout
this paper, we use this case as a running example. This motivates two research
questions:

RQ1. Does composite KG-LLM CBR lead to better recommendations?
RQ2. Does composite KG-LLM CBR lead to better explanations?

We compare a combination of knowledge graph- and LLM-based approaches
to understand the impact on KRAGGER’s performance. We hypothesize that
the best performance is with more fine-grained attribute methods for both recom-
mendation and explanation, and that combinations can be promising for trust-
worthy AI advice. We apply KRAGGER to an agricultural use case, as it is a
domain with particularly pressing needs for explanations, as recommendations
directly affect crop yields, resource use, and livelihoods. In such high-stakes con-
texts, explanations are critical not only for trust and accountability but also
for enabling farmers to make informed decisions with significant financial, sus-
tainable or social consequences [3,40]. To evaluate KRAGGER, we introduce
an agricultural recommendation dataset. All data, code and results are made
available in an open source repository for reproducibility purposes?.

In the next section, we provide an overview of related knowledge- and LLM-
based recommendation and evaluation works. In Section 3, we discuss KRAG-
GER and the experimental setup. In Section 4, we present our findings and
discuss their implications and limitations in Section 5. Concluding, in Section 6
we summarize our research and provide suggestions for future work.

2 Related Work

Recommender systems can be categorized into Collaborative Filtering (CF),
Content-based (CB), and hybrid approaches [1,20]. CF leverages user-item inter-
actions, CB relies on item content, and hybrid techniques combine both. How-
ever, CF and hybrid approaches often struggle with the cold start problem,
where little user or item information is available [15,29]. Information on users
and items can be represented in knowledge graphs (KGs), which lead to KG-
based recommender systems (KGBR). KGBR can be divided into three main

3 https://github.com/daan-ds/KRAGGER
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strategies: embedding-, connection-, or propagation-based. Embedding methods
capture semantic relations but may miss higher-order interactions and are hard
to interpret. Connection methods exploit graph connectivity for similarity but
can lose ontological information. Propagation methods include entity relations,
fully utilizing the graph’s information [18,62].

With the rise of Large Language Models (LLMs), there has been a shift in
recommender systems [53]. LLMs are used for improved representation (such as
embeddings), improved understanding through pre- and post-recommendation
explanations, and in a new paradigm of generative LLM-based recommendations.
LLMs are used on their own [9,32,60], used to enhance existing recommender sys-
tems [33,48], used in a Retrieval-Augmented Generation (RAG) setting [6,8,61]
or integrated in Graph RAG approaches [28,41,43]. K-RagRec [54] retrieves and
re-ranks multi-hop subgraphs to augment LLM recommendations; RALLRec and
RALLRec+ utilize LLM representation learning and reasoning for recommenda-
tion [31,57); ERZALM provides a framework for attribute-aware RAG [55]; XRec
[33] uses a collaborative tokenizer, information adapter and a hybrid method to
integrate the collaborative filtering directly into the LLM to generate explana-
tions. Based on these works, with KRAGGER we adopt attribute-based RAG
CBR to deal with the cold start problem, describe users and items by KG at-
tributes, and utilize LLMs as retriever and explainer components.

Recommender System Evaluation. Recommendation performance can
be calculated with metrics like Accuracy, Recall, Hit-Rate or GDCN when a
ground truth is available [63], which is why large-scale movie, book, or product
recommendation benchmarks are widely-used [37,49]. However, when encoun-
tering the cold start problem, metrics that measure performance on more than
accuracy are needed, such as Catalog Coverage (CC) or Intra-List Diversity
(ILD) [13,24]. Furthermore, studies have been performed where users rated rec-
ommender systems on their performance [17,22,64]. To cover both aspects, we
opt for a quantitative evaluation based on CC and ILD, as well as a user study
with an expert group to validate KRAGGER’s retrieval performance.

Besides evaluating recommenders on their recommendation performance, it
is important to understand why certain items are recommended to a user. This
is the field of explanations; an assignment of causal responsibility [19]. Different
approaches towards explainability include data explainability, model explain-
ability, feature-based techniques and example-based techniques [11]. Evaluating
AT explanations is a challenging task [21,36,50]. We focus on these explanations
from a system designer’s perspective, defined as ‘explanation goodness’ [14,21],
as we evaluate on textual model explainability to explain the relevancy of the
recommendation. Simplicity measures how simple the explanation is, in terms of
length and word complexity, as shorter, simpler explanations are often deemed
more understandable [36]; Fluency measures how fluent or “natural” the ex-
planation is [27,52]; Coherence measures how much the explanation is entailed
by the input, or whether the explanation and recommendation contradict [36].
These metrics are suitable to assess different qualities of Al explanations and
will therefore be used to evaluate the generation component of KRAGGER.
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Fig.2: KRAGGER architecture with retriever and generator components.

3 Method: KRAGGER

3.1 Recommendation - KRAGGER’s Retriever Approaches

We compare three increasingly fine-grained retriever approaches that recommend
items to users (Figure 2). 1) Graph-Graph (GG). This approach embeds the
full descriptions of both the farmer subgraph and item subgraph and calculates
the similarity for a relevancy score. For this approach, the texts of each node in
the graph are first concatenated to achieve a description, before being embedded
into one vector. It returns a list of items, sorted on semantic similarity s(u,1)
between user u and item ¢. This approach acts as baseline, as it employs the
typical retriever approach in RAG approaches of matching full chunks of texts.
2) Graph-Attribute (GA). This approach embeds each attribute of each item
into separate vectors. Then, the similarity is calculated between each node vector
and the graph vector of the aggregated user subgraph. All similarity scores are
totaled for a similarity score, which leads to a sorted list of items. 3) Attribute-
Attribute (AA). In the third approach, we embed both the attributes from
the items and the farmer graph into into a shared vector space.

We restrict the semantic similarity matching to predefined attribute cor-
respondences M C U X I between user attributes U and item attributes I,
instead of taking the full Cartesian product of all attributes. This avoids a
combinatorial explosion of pairings, removes semantically meaningless compar-
isons, and yields interpretable similarity scores. These matches determined based
on overall semantic closeness of categorical attributes. For each pair (u,), the
attribute-level score is defined as S(u,7) = max,,ca,, aca; S(au,a;), for each
possible attribute per node. The overall similarity between user and item is
Sim(u, i) = Wl\ 2 (u.iyem S(u, i), with a weighted variant that emphasizes strong
matches, with S(u,4)? instead of S(u,4). This amplifies strong similarities and
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Table 1: Explanation methods with corresponding texts (either LLM prompt or
Rule-Based template tGXt). Base PI‘OIIlptI “A recommender system recommends an item
to a user, based on provided information about the user. It recommends {item} to {user}.”
Expl. Rec. Text

LLM {Base Prompt}. Why would the item be recommended? Provide a clear explana-
tion about why this item is recommended to this farmer. Start with “Because...”

RB GG Because the overall description of the user is similar to the overall description of the
item.

GA  Because the overall description of the user is similar to the attributes {Item At-
tribute 1}, ... , {Item Attribute n} of the item.

A A Because the attributes of the farmer description and the attributes of the items are
similar: {User Attribute 1} is similar to {Item Attribute 1}, ..., and {User
Attribute n} is similar to {Item Attribute n}

RB- {Base Prompt}. The item is recommended because: {RB-GG / RB-GA / RB-

LLM AA}. Rephrase the explanation to be a clear explanation about why this item
is recommended to this user. Provide only the rephrased explanation. Start with
“Because...”

reduces weak ones. Similar to the other approaches, this leads to a sorted list of
items, of which the top-k items are presented as recommendations. For all three
approaches, the cosine similarity is chosen to calculate semantic similarity, as is
common practice [35].

3.2 Explanation - KRAGGER’s Generation Methods

To explain why an item is recommended, we employ three explanation methods,
as shown in the bottom half of Figure 2: 1) LLM. This approach explains
the top-k matches using an LLM as text generator. This serves as a baseline,
as it acts as a generator component in a default RAG system; 2) RB. This
approach outputs an explanation based on predefined rule-based texts describing
the workings of each of the recommender systems. 3) RB-LLM. This approach
rephrases the output of the RB explanation using an LLM. For the corresponding
LLM prompts and rule-based templates, see Table 1. For methods 1 and 3, we
utilize one of the most state-of-the-art LLMs at the time, which is OpenAl’s
GPT-4.1 [38], and set its temperature to 0.3 to mitigate hallucinations.

3.3 Experimental Setup

Item Data (Ontology and Knowledge Graph) The agricultural items to
be recommended are from a collection called the QuantiFarm dataset [44], which
stems from three different real-world data sources from various collections of farm
technologies [40], extracted from files with different file types (Excel, JSON),
structures, and naming conventions. To unify these datasets , the QuantiFarm
Common Semantic Model (QCSM) is created. The QCSM includes concepts and
relations regarding farmers, farms and parcels, as well as attributes of the items
to be recommended.
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Table 2: Embedding models with MTEB ranking and output dimensions

Name Exact Model Ranking Dimensions
QWEN  Qwen/Qwen3-Embedding-4B [59] 4 2560

E5 intfloat /e5-mistral-7b-instruct [51] 15 4096

GPT text-embedding-3-small [39] 48 1536

MINI transformers/all-MiniLM-L6-v2 [23] 107 384

AGRI recobo/agri-sentence-transformer [46] - 512

In total, the ontology consists of 31 classes and 185 properties. The QCSM
allows to transform farm data according to the RDF standard and imports from
other ontologies, such as the agricultural Ploutos [4] and SAREF4AGRI [7,47]
ontologies, as well as GS1 for country codes [16]. The ontology is created ac-
cording to available ontology engineering methodologies (SAMOD [42], SABiO
[12], TDD [25]) and based on data requirements to determine the scope of the
ontology, and which existing ontologies could be reused. Each item’s subgraph
describes both general information (e.g., name, title, description, keywords) as
well as categorical information (e.g., benefits, functionalities, targeted sector).
The full knowledge graph consists of 16.216 triples describing a total of 532
items. The ontology and knowledge graph are available in the repository?.

User Data. In this use case, users can be described as farmers with six
categorical attributes, U = {F, L,C,T, AD, AR}, where F = Farm Type, La =
Language, C = Country, T' = Technology Competence, AD = Achievement
Desired, AR = Assistance Required. From these six possible user attributes,
we generate a dataset consisting of 1000 unsure users U, and 1000 targeted
users Uy, to simulate two different types of farmers that do or do not yet know
what sort of items they are interested in. Unsure users u, € U, are defined
uy = (f,t,0), with f € F, t € T,l € LUC. Targeted users u; € Uy are defined
ug = (f,t,l,a). Here, fe F, teT, 1€ LUC, a € ADU AR. All users are
assigned one of each possible attributes, randomly sampled from the existing
options in the knowledge graph. We specifically sample from the unions L U C
and AD U AR for consistency reasons, to avoid conflicting information that
would be unlikely to appear in actual user scenarios (e.g., an Icelandic farmer
who speaks only Japanese). Following the example from Figure 1, an unsure
user would be an arable farmer (F') from the Netherlands (C), who can work
with software (7). A targeted user would also mention they are looking for help
with crop irrigation (AR), or that they want to improve their environmental
sustainability (AD). Based on these items and users, for the AA method the set
of attribute correspondences for users v and items ¢ becomes M = {(UFarm Type:
iTargctcd Scctor)a (uLanguagca Z‘Languagc)a (uCountrya Z.Country)a (uchh Competence;
Z'Digital Forrn)a (uAchievement Desired iBeneﬁt)v (UAssistance Required» iFullctiotlality)}~

Models. To evaluate the different recommendation approaches, we compare
five embedding models, as shown in Table 2. We compare embedders that
rank differently on various tasks in the Embedding Leaderboard (MTEB) [34].
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We include two smaller embedders, among which AGRI to evaluate whether
finetuning on agricultural data has any significant effect for our use case.

Evaluation Metrics.

Quantitative. We quantitatively evaluate the recommendation performance on

two suitable metrics. We measure on different top-k recommendations (k@Q{1,

3, 5, 10, 20}). For high-stakes advice, the first few items can be crucial, which

makes k@{1, 3} particularly interesting for this study. Yet, k@{5, 10, 20} provide

a solid overview of total performance on a broader set of recommended items.
Catalog Coverage (CC@k) measures how much of the total set of DATSs

is covered [13], defined as: CCQk = ‘UueU Reck| /|C|. Here, Uwcu Rec is the

union of all unique top-k items recommended across all users u € U, and |C] is
the total number of items. This metric indicates how well the recommendations
make use of its full catalog, where higher CCQ¥k indicates avoiding bias and
ensuring sufficient items get exposure.

Intra-List Diversity (ILD@k) measures the diversity within the top-k
recommended items [26]. It is calculated by computing the average pairwise dis-
similarity between the top-k recommended items, which is then averaged across
all users:

ILD@Qk = ﬁZueU(é Z{i,j}cRcc{j d(i,j)). In this case, d(i,j) = 1 —

cos(t, 7) is the dissimilarity between items ¢ and j, based on cosine similarity, (g)

is the number of unique item pairs in a list of length k and {i,j} C Rec’ are all
unordered pairs of items without repetition. This metric shows how varied the
recommended items are, where higher ILD@Fk indicates a reduced redundancy
by mitigating bias towards repetitive or similar content.

User Study. We validate the performance of the recommender systems through a
user study with agricultural experts, consisting of a two-part survey, questioning
1) the performance of the retriever component - rating a sample of 30 different
recommendations (sets of items at different k: #1, #3, #5, #10, #20 and #532, to
check whether their ratings are in line with the matched rankings) for different
users on a 7-points Likert scale (very unfitting - very fitting), and 2) the quality
of the generation component’s output - on the running example recommendation
(Figure 1), using Simplicity, Fluency and Coherence (defined in Section 2)
and perceived Trustworthiness on a 7-points Likert scale. To ensure quality
of measurements, each participant is asked to self-rate their confidence on their
knowledge and expertise within the agricultural domain. For the full survey,
including instructions and questions, see repository?.

4 Results

We run a total of 50.000 recommendation experiments (5 models x 5 methods
(GG, GA, GA weighted, AA, AA weighted) x (1000 U, + 1000 U, users) on the
knowledge graph of 532 items. We measure the quantitative metrics on the top-
k@{1, 3, 5, 10, 20} recommended sets. A negligible difference is found between
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weighted and unweighted variants, so only unweighted methods are presented.
For the user study, the recommended items are uniformly sampled.

4.1 Quantitative Results

[[ok1 ok-3 mk=5 mk=10 mk=20

Catalog Coverage @k

Fig. 3: Catalog Coverage results. Highest performing scores are marked green.

Catalog Coverage (CC). Results for CC are shown in Figure 3. As expected,
for all settings, a lower k (fewer recommended items) leads to a lower coverage.
For all models and all &, AA outperforms GG, except for GPT. GN scores lowest
in all cases. For all settings, smaller models AGRI and MINI outperform larger
models QWEN and E5. GGgpr scores highest, with k@1 = 0.23 and £@Q20 =
0.746. This is comparable to AAsgr1’s scores of Q1 = 0.21 and k@20 = 0.716.
AGRI slightly outperforms MINI, with a small difference (<0.16).

Intra-List Diversity (ILD). Results for ILD are shown in Figure 3. k =1 is
left out as no diversity can be calculated. As expected, ILD scores increase overall
with higher k. In all cases, GG achieves highest diversity, with GGqwrn@1=0.56
as highest score, although differences between approaches are small (<0.1) for
most models (AGRI, GPT, MINI). AGRI outperforms MINT slightly with GG,
but with GA and AA the difference is negligible (<0.02). To understand the
maximum possible ILD, an additional study was performed, yielding an average
distribution of dissimilarity between all 532 items to peak at 0.6. Full details on
the quantitative results and distribution study are found in the repository?.

Intra-List Diversity @k [[Ok3 @k=5 mk=10 mk=20 ]

1.0 ‘

AGRI ES GPT MINI QWEN

Fig. 4: Intra-List Diversity results. Highest performing scores are marked green.
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Fig. 5: User method ratings. Top scores are marked green.

4.2 User Study Results

A total of n = 49 voluntary experts within the agricultural domain participated
in the user study. From this, 16 results were filtered out due to incomplete results.
From the remaining 33, participants rated themselves an average of 5.4 out of 7
on their knowledge and expertise in the agricultural domain. Answers about their
role within the domain show a diverse set of experts, a subset: an agricultural
advisor and a pig monitoring researcher, people working in aquaculture and
agricultural machinery industry, and multiple instances of agricultural policy
advisors, agricultural technological providers and agronomy leads.
Recommendation Results. The expert ratings on an aggregation of 30 rec-
ommendations per expert (990 recommendations in total) are shown in Figure 5.
The items that occurred as the number #1 recommended item were rated higher
than those on lower positions, with the lowest recommended item scoring the
least fitting ratings by users (GG scoring 3.32). As most recommenders scored
>4 on the 7-point Likert scale on items #1-#20, most participants were positive
about the provided recommendations. In all cases, the GG approach scores the
lowest fitting score, and GA and AA alternate as top scoring approaches. On top
k items (#1, #3) however, GA outperforms the other methods, with AA reaching
an average score of 5.4. A similar evaluation is performed with the data split over
the five embedders, which shows MINI (k@1 = 5.46) and QWEN (k@1 = 5.25)
to be the models with the best rated recommendations, yet little difference be-
tween model results is evident. Full results, including an additional figure of the
model split, are found in the repository>.

Explanation Results. All explanations were evaluated by the experts, as
shown in Figures 6a-6d. The rule-based (RB) approach outperforms others in
terms of simplicity (RBgg = 5.62). The LLM and RB-LLM approaches score
best on fluency (LLMgg = 5.28), coherence (RB-LLMga = 5.72) and trustwor-
thiness (LLMga = 5.70). For simplicity and fluency, the majority of best expla-
nations are based on the graph-graph matching. For coherence and trustworthi-
ness, all best explanations are based on graph-attribute and graph-graph match-
ing. Averaging over all four metrics, RB-LLM performs best, specifically with
attribute-based matching (RB-LLMga_avg = 5.22, RB-LLMaa_avg = 5.14).
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Fig. 6: User ratings on explanation metrics. Top scores are marked green.

5 Discussion

The quantitative results of the recommendation show that for coverage of rec-
ommended items, attribute-based approaches have a positive impact, whereas
for diversity no large differences are found compared to the baseline approach.
For recommendation performance, the type of embedding model used has little
difference. Notably, the agricultural fine-tuned smaller embedder outperformed
both larger and non-finetuned smaller models on quantitative results. This indi-
cates that with the right fine-grained approach, smaller models that rank lower
on MTEB (Table 2), do benefit from a fine-grained matching approach. Simi-
larly, large (less cost-effective) models are not always needed to match attributes.
These findings are supported by the user study, which showed for top k items,
attribute-based recommendations were rated as more fitting. and that the type
of model had less of an impact. This leads us to answer RQ1 (Section 1) that
composite KG-LLM CBR can indeed lead to better recommendations.

The user study shows a trade-off of different qualities for explanations be-
tween the different approaches. LLM explanations are most often perceived as
complex, and RB lacks fluency. The RB explanations being rated the most simple
(Figure 6a) is in line with expectation, as they are on average shorter and more
to the point than explanations generated with LLMs. Interestingly, the meth-
ods involving LLMs are top-rated on coherence, which is an important factor
to base high-stakes decisions on. While RB is designed to coherently describe
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the matching process (Table 1), it is not perceived this way. Figure 6d high-
lights remarkably many experts rating the rephrasing approach to be the most
trustworthy, without any negative ratings. Fluency and coherence are mostly cor-
relating with trustworthiness scores, indicating that these metrics are a better
indicator for perceived trust than simplicity. Overall, the rephrasing composite
RB-LLM explanation shows the most potential, adhering to the most metrics
with high performance. This leads us to answer RQ2 (Section 1) that composite
KG-LLM CBR shows promise to lead to better explanations. Interestingly, the
LLM and LLM-RB explainers provide adequate explanations, yet the LLM is not
explicitly instructed to focus on each of the four explanation metrics (Table 1).
It could be worthwhile to further investigate the effect on explanation goodness
when specifically prompting with rules on what makes a good explanation.

We opted to select only agricultural professionals instead of external partic-
ipants to ensure a high quality of perceived usefulness of the recommendations.
Participants provided additional comments regarding their rating process, e.g.,
being more lenient towards English items by making the assumption that farmers
with different background have some base level understanding of English. This
raises an interesting topic on personal assumptions, both for validation with
participants as well as for further designing tailored recommendations. KRAG-
GER only employs semantic similarity, so it is not able to keep these types of
insightful nuances in mind. This would require additional rules or knowledge
being incorporated into the recommendation process.

While this work currently targets agricultural use case, the KRAGGER
framework could be flexibly applied to different domains, given that users de-
scribe themselves based on attributes that is not one-to-one the same as the item
data (e.g., movie watchers describing their taste, mood, and context) while want-
ing to receive a textual explanation behind matches. Future work could expand
on this framework with other recommendation benchmarks in other domains.

Limitations of this work include technical and environmental limitations,
such as the decisions to use a small version of the GPT embedder, and keep-
ing the dataset size at 2000 users and a sparse KG of 532 items. The latter
affects recommendation performance, as not for all users a fitting item can be
found. Furthermore, we focus on the LLM capabilities for recommendation and
subsequent explanation-driven advice. To do so, we have chosen a baseline (GG-
LLM) to be equivalent to standard Retrieval-Augmented Generation (RAG)
approaches. However, other baselines, such as using different types of retriever
or traditional recommendation models, could be explored for a more extensive
comparison. Furthermore, we want to emphasize that LLMs ought to be used
responsibly, for example for sustainability reasons. While the retrieval meth-
ods require a one-time only embedding step for the knowledge graph items, the
best performing Attribute-Attribute method requires multiple embeddings to be
produced for each user. Next to that, the attribute-based recommendation uses
the fine-grained knowledge on each item that is stored in the graph. Extensions
of KRAGGER should be explored that further exploit the structural proper-
ties of the knowledge graph, such as interconnectedness and multi-hop relations,
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through other graph-based RAG approaches. Additionally, the explanations were
evaluated on four metrics, but alternative or more metrics could have been cho-
sen. Another limitation of the explainer methods is that they explain why an
item is a good match based on positive information, but do not explicitly take
any mismatching or negative information into account. They furthermore do not
convey any explicit (un)certainty about their recommendations. Based on this,
future work could look into further improving on the completeness and persua-
siveness of the recommendations. Alternatively, a comparison of different LLM
generators or prompts could be performed.

6 Conclusion and Future Work

We have proposed KRAGGER, a recommendation framework that combines
knowledge graphs with retrieval-augmented generation (RAG) approaches,
which consists of three recommender methods (Graph-Graph, Graph-Attribute,
and Attribute-Attribute matching) and three explanation methods (Rule-Based
(RB), LLM and LLM-RB rephrasing). We have measured KRAGGER’s ability
in an agricultural use case to recommend technologies to farmers while textually
explaining the relevancy of provided matches based on the introduced agricul-
tural knowledge graph. We have evaluated its performance based on quantita-
tive metrics (catalog coverage, intra-list diversity), and performed a user study
to assess both its recommendation performance and four qualitative metrics on
explanation goodness (simplicity, fluency, coherence and trustworthiness).

Results show the fine-grained attribute-attribute matching approaches per-
form best on recommendation, which simultaneously forms the basis of the best
performing LLM-RB rephrasing explanation method. Thus, KRAGGER shows
promising capabilities for grounded, yet natural advice. This underscores the
importance of leveraging the strengths of knowledge, rule-based approaches and
language models, without overly relying on one or the other approach. Future
work could expand on this towards other (high-stakes) domains, further extend-
ing on performance metrics with accuracy and honesty, or with more extensive
user studies on the perceived effects on user trust. With this, we believe to have
made meaningful steps towards trustworthy AI advice systems.
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