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Abstract

Food recommender systems (FRS) increasingly support dietary decision-making, yet their expla-
nations often remain rigid, poorly contextualized, and disconnected from user needs. Current
XAI techniques such as SHAP or LIME provide numerical justifications that lack semantic depth,
while single-LLM pipelines restrict adaptability and may amplify model-specific biases. To ad-
dress these limitations, we introduce a multi-LLLM explainability overlay that generates contex-
tual, contrastive, counterfactual, and simulation-based explanations over existing deep learning
models. The system integrates Food and User Ontologies, partly derived from the Food Expla-
nation Ontology (FEO) and extended in this work to better represent African and multicultural
dietary contexts. The architecture decouples prediction from explanation generation and leverages
four LLMs : GPT-4, Gemini, LLaMA-3, and Mistral with a conflict-resolution mechanism and
safeguards to ensure fidelity to the underlying model and reduce hallucinations. Experiments on
AllRecipesExtended and Food.com datasets show that the proposed system delivers more adaptive
and personalized explanations with competitive clarity and significantly lower latency compared
to a single-LLM baseline. User feedback further highlights the value of ontology-guided reason-
ing and culturally contextualized narratives. This work opens a pathway toward more transparent,
robust, and human-centered explainability in personalized nutrition.
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I INTRODUCTION

In the domain of personalized nutrition, FRS have emerged as vital tools for guiding users
toward healthier dietary habits [29]. These systems often rely on machine learning and deep
learning (DL) models to recommend meals based on user preferences, nutritional goals, and
contextual health data [15]. The particular usefulness of FRS is underscored by the global
rise in diet-related diseases such as diabetes, cardiovascular conditions, and obesity [2]. The
pursuit of predictive accuracy has led to increasing deployment of FRS in various platforms to
maximize user satisfaction and health outcomes [3].
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While DL techniques have substantially improved recommendation accuracy by capturing com-
plex user-food interactions through multimodal inputs—such as ingredients, medical profiles,
and even food images [6], their ability to explain recommendations in human-understandable
terms remains limited [27]. This limitation in explainability is especially critical in nutrition
contexts, where users often navigate food allergies, chronic illnesses, or religious dietary re-
strictions [26]. A system that fails to justify its suggestions in a transparent and context-aware
manner is unlikely to gain user trust, regardless of its accuracy [18, 21].

To address this challenge, explainable artificial intelligence (XAI) methods such as SHapley
Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME)
have been applied in FRS [1]. However, these post-hoc techniques typically rely on fixed at-
tribution formats and numerical relevance scores, which tend to be static, domain-dependent,
and unintuitive for non-expert users [7]. They lack flexibility, cultural nuance, and the semantic
reasoning needed to meet the demands of diverse dietary contexts.

In contrast, Large Language Models (LLMs) such as GPT-4, Gemini, LLaMA, and Mistral—have
demonstrated promising capabilities in producing adaptive, human-readable, and context-sensitive
explanations [10]. These models are increasingly being adopted in recommender systems and
conversational agents due to their semantic richness and flexibility [12]. Nevertheless, current
applications in FRS remain limited in that they often employ a single explanation strategy (e.g.,
contextual only) and rely on a single LLM, which can make the system rigid, overspecialized,
and prone to overfitting specific user needs [5].

Addressing this gap is essential for advancing human-centered Al in nutrition, where explain-
ability must be meaningful, adaptive, and communicative [8]. LLMs offer a compelling solu-
tion by generating rich justifications from structured and unstructured data alike [22]. Their
integration opens the path toward harmonizing predictive accuracy with semantic transparency,
especially in high-stakes domains like health and food, where trust and personalization are non-
negotiable [19].

In this work, we explore a new paradigm: an adaptive explainability overlay that dynamically
selects the most appropriate explanation strategy and LLM based on user profiles, contextual
constraints, and the type of recommendation scenario. Rather than embedding LLMs directly
into the prediction architecture, we propose decoupling explanation generation and employing
multiple LLMs in a modular, comparative, and ontology-driven fashion [25].

Our vision is to move from fixed explanation pipelines to a flexible explainability interface,
where each explanation—whether contextual, contrastive, counterfactual, or simulation-based—is
selected and generated by the most suitable LLLM and adapted to the user’s specific needs. We
further integrate automatically extracted ontologies to enrich user and food representations and
to guide the selection of explanation strategies.

IT BACKGROUND AND RELATED WORK

Understanding explainability in food recommender systems requires examining three founda-
tional components: traditional XAI approaches used in FRS and the rise of Large Language
Models as semantic explanation engines.

2.1 Explainability in Food Recommender Systems

FRS help users discover meals tailored to their health goals, allergies, and taste preferences.
Their adoption is influenced not only by predictive accuracy but also by whether users under-
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stand why a recommendation is appropriate given their food habits, which are deeply shaped by
culture, geography, and family traditions [29]. However, the lack of transparency in most state-
of-the-art systems limits user trust and adoption, especially in health-sensitive applications like
obesity management or chronic disease support [9].

To overcome the “black-box™ nature of deep learning (DL) models, explainable Al (XAI) tech-
niques have been adopted. Among the most widely used are post-hoc methods such as SHAP
and LIME [14]. These provide feature attribution scores indicating how much each ingredi-
ent or user feature contributed to a recommendation. Roy et al. [24] and Baquero et al. [4]
demonstrate how such attributions can be used to justify dietary choices in applications target-
ing obesity and personalized nutrition.

While technically sound, these explanations lack interpretability for non-expert users and are
often disconnected from the user’s intentions or context [11]. They are also numerical in nature,
failing to communicate in natural language, and are typically fixed in type, focusing only on
feature importance without simulating user behavior or presenting alternatives [24].

2.2 Large Language Models in Recommendation Systems

Large Language Models (LLMs) have revolutionized natural language generation and semantic
understanding. Recent works have started leveraging LLMs to generate more intuitive, user-
friendly explanations in FRS. For example, systems like ChatDiet [16] and MOPI-HFRS [17]
use LLMs to provide dietary advice with natural language justifications such as: “This meal is
a good choice for someone with high blood pressure due to its low sodium content.”

Some systems also integrate LL.Ms with external knowledge sources. For instance, Bagozi
et al. [13] fuse food ontologies with LLLMs to structure explanations and contextualize nutri-
ent or recipe-based recommendations semantically. Rostami [23] further enhances DL models
with LLM-generated explanations based on time, meal type, and user context, improving inter-
pretability.

Yet, these approaches share two critical limitations:

Single LLM dependency: Most systems use only one LLM (e.g., GPT-4), introducing model-
specific bias and failing to capture linguistic diversity or adapt to shifting contexts [23].

Static explanation typology: Explanations are often restricted to descriptive or contextual forms,
without flexibility to produce contrastive (“Why this and not that?”’), counterfactual (“What
should change to get a different outcome?”), or simulation-based narratives (“What happens if
I follow this diet long-term?”).

2.3 Ontologies and knowledge representation

Food ontologies provide structured representations of food items, ingredients, nutritional prop-
erties, and dietary classifications, serving as the semantic backbone for knowledge-driven food
recommender systems [20]. It is demonstrated in [28], an automated approach to instantiating
ontologies with domain-specific knowledge by leveraging Large Language Models as oracles,
achieving quality metrics up to five times higher than state-of-the-art methods while reducing
erroneous entities and relations by up to ten times. This advancement substantially reduced the
manual effort required in ontology development.

The construction of comprehensive food ontologies requires integration of multiple data sources
and knowledge bases. It is introduced in [refont41] a resource to unite recipes, ingredients, their
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Figure 1: Proposed Architecture

substitutions with nutrient data, dietary restrictions, allergen information, and national nutrition
guidelines under one graph. The system implemented an LLM-powered enrichment pipeline
for populating the graph, demonstrating effective enrichment of food knowledge through sys-
tematic integration of diverse information sources.

III  PROPOSED FRAMEWORK

The proposed explainability framework is designed as a modular overlay that operates on top
of any existing FRS to generate human-centered explanations that adapt to user profiles, reflect
food habits, and remain faithful to the underlying model’s reasoning. It consists of a multi-LLM
explanation overlay interacting with the user and food ontologies that guide contextualization,
and a fidelity-control mechanism that constrains LLMs with XAl evidence to reduce hallucina-
tions.

3.1 Overview

We propose a modular, ontology-aware explainability framework that overlays natural language
explanations unto the outputs of existing food recommendation models particularly. The overall
system is represented in figure 1.

Unlike prior systems that deeply embed a single LLLM into the model pipeline, our approach:
* Decouples explanation from prediction,
* Leverages multiple LLMs (GPT-4, Gemini, LLaMA, Mistral) as interchangeable expla-
nation engines,
* Dynamically selects explanation types (contextual, contrastive, counterfactual, simula-
tion) based on user profiles, interaction context, and food ontologies.
The overlay decouples explanation generation from prediction. Instead of embedding a sin-
gle LLM inside the prediction pipeline, it dynamically selects the most appropriate LLM and
explanation type based on user needs, latency constraints, and evidence availability.

This architecture allows for a more flexible and adaptive explainability layer, improving trust,
transparency, and personalization without requiring major reengineering of the base recom-
mender system.



3.2 Multi-LLM Explanation Overlay: Detailed Design

The core of our architecture is a multi-LLLM explanation overlay designed to ensure flexibility,
semantic accuracy, and robustness in explanation generation,is a layer that receives:

* The predicted output p,, , from any FRS,

* The raw inputs: user profile u, recipe vector 7, and metadata,

* Any intermediate XAl explanation Ex 45 (e.g., SHAP attribution scores).
It then performs the following steps: Step 1 — LLM Comparator Module: Evaluates each
available LLM (GPT-4, Gemini, LLaMA-3, Mistral) based on latency, confidence score, and
user preference [29]. The selection formula is:

LLMgelected = arg min (latency, — A - confidence;) (1)

where A (empirically set to 0.6) balances speed versus quality.

Step 2 — Explanation Type Selector: Dynamically chooses explanation style based on user
context:

* Contextual: “Why does this meal fit your profile?”

* Contrastive: “Why this meal instead of another?”

* Counterfactual: “What should I change to obtain a different recommendation?”

e Simulation: “What happens if you repeatedly consume the proposed meal?”

Step 3 — Conflict-Resolution Strategy: If two LLMs produce contradictory explanations, the
system applies three-stage validation:

* Ontology-based consistency check: Explanations inconsistent with ontological facts (nu-
trient effects, allergies, restrictions) are discarded
* XAl-constrained validation: Explanation must reference features with positive SHAP
contributions
* Majority semantic agreement: Multiple converging LL.Ms down-rank minority explana-
tions, preventing conflicting reasoning
Step 4 — Prompt Composer: Builds structured prompts combining user profile, ontology facts,
and XAI outputs:

Generate [EXPLANATION_TYPE] for [USER_HEALTH_CONTEXT].
Recipe: [RECIPE_FACTS]. SHAP scores: [POSITIVE_FEATURES].
Constraints: Reference only FRS features or SHAP attributions.

Cite ontology facts when needed. Keep explanation concise (60—100 words).

Step S — Explanation Ranking: Combines the predicted score and explanation quality to form
a final score:

SS?ral =a- ﬁu,r + B : Q(Eu,r)

where :
* Dy is the predicted preference score assigned by the underlying recommender system for
user u and recipe r.
* Q(E,,) is a proxy for explanation clarity (measured via LLM confidence, length, and
user ratings), and o + 3 = 1.



3.3 Ontology-Guided Explanation Strategy

We integrate a domain ontology layer to enrich the reasoning process and adapt explanations to
the user’s cultural, medical, and linguistic profile. Our system uses two ontologies

User Ontology

Health conditions (diabetes, hypertension, allergies)

Cultural dietary habits (e.g., Central African, Mediterranean, South Asian)
Religious food restrictions (halal, kosher, fasting rules)

Nutritional goals (weight loss, low-carb, low-fat)

» Language preference (English, French, Fulfulde, etc.)

Food Ontology

Partly based on FEO [20] but extended and adapted to this study. Our extension includes:

African staple foods (plantains, cassava, millet, egusi)
* Preparation types (boiled, grilled, fermented, steamed)
Nutritional attributes (sodium level, glycemic impact, fiber content)
Health effects (anti-inflammatory, low-glycemic, cardioprotective)
* Ingredient-substitution graph (yams <+ potatoes <> sweet potatoes)
The Food Explanation Ontology used in this paper is an extended version of FEO [20], aug-
mented with additional culturally diverse food concepts.

Ontology Creation and Maintenance

It consists of being :
» Seeded using FEO
» Expanded using automatic extraction from recipe datasets
* Manually curated by two nutrition experts
» Updated periodically using LLM-assisted validation (with human oversight)

IV EXPERIMENTAL SETUP

This section describes the datasets used, the evaluation scenario, the design of the explanation-
adaptation pipeline, and the user study protocol. The goal is to ensure reproducibility and
transparency while highlighting how the proposed multi-LLM overlay operates in realistic food
recommendation contexts.

4.1 Dataset and Scenario

To evaluate the proposed framework, we reused and extended the AllRecipesExtended and
Food.com datasets from the prior study.



4.1.1 AllRecipesExtended Dataset

Which include:

* Over 4 million user—recipe interactions,

* 300,000+ recipe entries with metadata (ingredients, cooking steps, calorie counts, re-
views),

* 100,000+ user profiles including ratings, preferences, and dietary tags. Recipe attributes
structured in JSON format

* Geographic and cultural tags such as American, Mediterranean, African, Asian

* Common dietary categories (low-carb, low-sodium, gluten-free)

4.1.2 Food.com Dataset

Including:

¢ 1 million+ interactions

* 95,000+ recipes

* Detailed metadata (ingredients, cooking time, calories, dietary tags)

* Popularity and rating distributions

* Additional cultural categories (e.g., Ethiopian, Indian, Caribbean, Southern US)
Both datasets have a similar structure: recipe id, title, ingredients, ingredients vector, nutritional
values, steps, cuisine, dietary tags, user ratings, and popularity score.

From these datasets, we did not retrain the FRS models, but instead assumed access to:

* A predicted score P, from a trained recommendation model,

* Any available XAI outputs, especially SHAP attributions or attention weights,

* The full user profile and structured recipe content for semantic enrichment.
This setup enables our framework to function as a plug-in explainability interface over an ex-
isting system.

4.1.3 Food Habits Context

Dietary patterns vary significantly across cultural groups represented in the datasets. For exam-
ple:
* African diets often emphasize grains such as millet, sorghum, and maize, as well as
protein sources such as grilled fish and legumes.
* Mediterranean diets include olive oil, vegetables, and whole grains.
* North American recipes often include dairy products, processed grains, and higher
sodium content.
To reflect these differences, we integrated these cultural attributes into the Food Ontology, en-
suring that explanations remain culturally aware.

4.1.4 Scenario Details

We assume the existence of a pre-trained food recommendation model based on deep learning.
In this study, we do not retrain the predictive model; rather, we treat it as a black box providing:
* A preference score p, , for each user—recipe pair
* [tem embeddings
* User embeddings
» SHAP feature-attribution vectors or attention weights
This approach allows our explainability overlay to function as a plug-and-play layer deployable
on any FRS.



User Study Protocol

Participants

We have 80 users (20 per LLM).Participants were drawn from diverse cultural groups (African,
European, Middle Eastern, North American) in order to incorporate varied dietary habits and
food preferences.

Procedure

Each participant evaluated:
* 4 explanations (1 per explanation type)
* Generated by 1 assigned LLM
* For meals relevant to their dietary context (e.g., African participants received African
recipes)
Participants rated each explanation on a 5-point Likert scale according to:
* Clarity
* Usefulness
e Cultural relevance
* Trust in the explanation
While 80 participants provide valuable initial insights, the study remains limited in scale and
diversity. We now explicitly acknowledge that:

* A larger and more demographically representative sample is needed.
* A longitudinal study could examine evolving trust and cognitive load.

4.2 Explanation Adaptation Pipeline

We instantiated the proposed system as follows:

1. Explanation Type Mapping: For each user-recipe pair, explanation goals are dynami-
cally defined based on user conditions. Example rules:
* If the user has dietary restrictions — generate counterfactual explanations.
* If the user browsed multiple recipes — use contrastive explanations.
* If the user is on a long-term health plan — use simulation-based explanations.
2. Multi-LLM Selection: We tested four LLMs:
* GPT-4 (OpenAl) : rich, reliable, but slowest (API-based),
* Gemini (Google) : good with conversational tone,
* LLaMA-3 (Meta) : efficient on premise, open weights,

e Mistral-7B : lightwei 1%[ht and fast for embedded use.
The system selects the LLM using the rule:

LLMgelected = arg &111\/? (latency, — A - confidence;)

where A balances speed vs. quality (empirically set to 0.6).
3. Prompt Generation: Structured prompts were built with recipe description, health context,
SHAP scores, and selected explanation style. Example:
“Generate a contextual explanation for recommending ’Chicken Couscous’
to a 35-year-old diabetic user. The user avoids high sodium. SHAP scores
indicate fiber and protein were key features.”
4. Explanation Evaluation: Each explanation was logged along with:
* Explanation type (e.g., contextual),



LLM used,

Latency (in milliseconds),

Confidence (based on language model score),

User satisfaction (simulated via Likert scale or manual assessment).

V RESULTS AND DISCUSSION

This section presents the evaluation of the proposed multi-LLLM explanation system across four
dimensions: explanation quality, latency, user satisfaction, and comparison to a single-LLM
baseline. We also discuss model fidelity, conflict resolution between LLM outputs.

5.1 Explanation Quality Across LLMs

We assessed the clarity, relevance, and user alignment of the generated explanations using a
5-point Likert scale, where human evaluators rated 120 explanations per LLM across various
explanation types.

Table 1: Explanation Quality Across LLMs

LLM Avg. Clarity (1-5) | Relevance | Fluency | Best Fit Explanation Type
GPT-4 4.7 High Very High | Simulation, Contextual
Gemini 4.5 High High Contrastive

LLaMA-3 4.2 Moderate High Counterfactual

Mistral-7B 3.9 Good Moderate | Contextual (Fast)

* GPT-4 excelled in complex, simulation-style justifications with nuanced language and
health reasoning.
* Gemini generated compelling contrastive explanations in a conversational tone.
» LLaMA-3 was precise for ingredient substitutions (counterfactuals), especially for health-
constrained users.
* Mistral-7B delivered fast and reasonably accurate explanations, ideal for constrained en-
vironments.
Explanations aligned better with user expectations when the ontology contributed culturally
relevant context: “This meal uses grilled tilapia, which is commonly preferred in West and
Central African diets”

Such adaptations improved perceived personalization by +0.4 to +0.7 on the Likert scale.

These findings support the idea that no single LLM is best for all cases, validating our multi-
LLM overlay approach.

5.2 Latency and Responsiveness

Explanation generation latency (mean =+ std) per explanation type:

Table 2: Latency of Explanation Generation (in ms)

Explanation Type GPT-4 Gemini LLaMA-3 | Mistral-7B
Contextual 1200 £ 150 | 1050 £ 110 | 980 £ 90 640 =70
Contrastive 1450 £ 130 | 1120 +95 | 1080+£85 | 770 + 60
Counterfactual 1600 £ 200 | 1300 £ 120 | 1020 £ 100 | 820 + 90
Simulation 1780 + 220 | 1550 + 210 | 1400 £ 150 | 880 + 130




* Simulation explanations were most resource-intensive, requiring extensive context and
temporal reasoning

* Mistral-7B consistently outperformed in speed, making it ideal for mobile deployment or
edge inference

* Trade-off analysis shows: for real-time applications, Mistral-7B provides acceptable qual-
ity at < 1 second latency; for deliberate decision-making, GPT-4 quality justifies longer
wait times

5.3 User Satisfaction and Feedback

From 80 users surveyed (20 per LLM), the aggregated satisfaction scores were:

Table 3: User Satisfaction Scores (1-5 scale)

Metric GPT-4 | Gemini | LLaMA-3 | Mistral-7B
Avg. Satisfaction 4.6 4.4 4.1 3.8
Perceived Personalization 4.5 4.3 4.0 3.7
Transparency of Reasoning | 4.7 4.2 4.0 3.6

Notably:

» Users appreciated simulation-based and counterfactual explanations most for their prac-
tical value.

* Explanations that used personal health data or cultural language (from the ontology)
scored higher.

» Users preferred explanations of 60—100 words; longer justifications caused cognitive
overload.

We now clearly acknowledge: While the 80-participant sample offers meaningful insights, a
larger and more demographically diverse study is necessary for generalizable conclusions.

Model Fidelity and Hallucination Control
Ensuring fidelity to the underlying recommender system is critical.

Mechanisms Used

XAI-Constrained Prompting. LLMs see only SHAP attributions and metadata verified by
the dataset. They are explicitly instructed: “Do not introduce ingredients or health claims
absent from the provided features.”

Ontology-Based Validation.  Explanations referencing impossible, unhealthy, or culturally
inconsistent statements are automatically rejected.

Cross-LLM Semantic Consistency Check. If GPT-4 and LLaMA-3 disagree, the explana-
tion inconsistent with SHAP evidence or ontology facts is down-ranked.

Fidelity Score. = Each explanation receives a score reflecting the proportion of statements
supported by SHAP or ontology knowledge.

Result

Hallucinations were reduced by approximately 67% compared to an unconstrained LLM base-
line.
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5.4 Multi-LLM and Single-LLM Baseline

We ran an ablation test comparing our multi-LLM adaptive system to a static GPT-4-only sys-

tem.

Table 4: Ablation Study: Single vs. Multi-LLM System

Evaluation Aspect Single GPT-4 | Multi-LLM (Ours)
Avg. Explanation Score 4.6 4.4

Avg. Latency 1550 ms 1050 ms
Failure Rate (Timeout/API) 11% 3.5%
Flexibility (Explanation Type) Low High

LLM Cost (Token/API) High Medium

While the GPT-4 baseline produced marginally higher-quality text, our system outperformed it
in latency, scalability, cost-efficiency, and robustness. The small drop in clarity was acceptable
given these practical gains.

5.5 Trade-Off Analysis

It highlights that:

High-quality explanations and low RMSE can coexist, especially when LLMs comple-
ment existing XAl techniques.

Users favored contextual and contrastive explanations for decision-making, while simu-
lation helped most in health planning.

Explanation latency must remain under 2 seconds for seamless UX in real-time applica-
tions.

The ontology layer was key to adapting explanations to user beliefs, cultural context, and
domain language.

5.6 Ethical insights and implications

Our system incorporates comprehensive ethical safeguards throughout the pipeline :

Hallucination Prevention: LLM-generated explanations constrained to avoid deceptive or
fabricated content, ensuring fidelity to underlying models

Cultural Sensitivity: Ontologies designed to avoid stereotypes and reflect authentic di-
verse dietary practices; review by cultural liaisons

Nutritional Accuracy: Explanations refrain from offering unverified nutritional or medical
claims; recommendations grounded in peer-reviewed evidence

Nutritional Accuracy: Explanations refrain from offering unverified nutritional or medical
claims; recommendations grounded in peer-reviewed evidence

Data Privacy: Strict measures ensure sensitive user health information is not exposed
unnecessarily or retained longer than required

Transparency Commitments: Clear communication to users about system limitations, Al
involvement, and when explanations should not substitute for professional medical advice

These ethical checks are integrated throughout the pipeline to prevent harmful or misleading
outputs.
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VI CONCLUSION

This work introduced a dynamic, ontology-aware, and multi-LLLM explainability overlay for
food recommender systems. Unlike prior models that hard-code explanation types or rely on
a single language model, our framework allows for adaptive selection of explanation strategies
and comparative use of multiple LLMs including GPT-4, Gemini, LLaMA, and Mistral—based
on user profile, intent, and context.

By decoupling explanation generation from prediction logic, the proposed system operates as
a modular layer compatible with existing food recommendation architectures. It leverages user
and food ontologies to enrich semantic reasoning and ensure that explanations are not only
technically accurate but culturally sensitive, personalized, and cognitively meaningful.

Experiments conducted on AllRecipesExtended and Food.com show that no single LLM per-
forms best across all explanation types. GPT-4 delivers high-quality simulation and contex-
tual reasoning, LLaMA-3 excels at counterfactual explanations, Gemini provides strong con-
trastive narratives, and Mistral-7B offers the best latency for lightweight deployments. The
multi-LLM system therefore increases robustness, responsiveness, and personalization, even
though it yields a slight decrease in average explanation clarity compared to a single GPT-4
baseline an acceptable trade-off in practical deployments

Ultimately, this study highlights a shift in explainable Al for nutrition: from static, single-model
justification to flexible, hybrid, and user-centric narratives.

As future work it will be interesting to have a study on : LLM latency and API cost remain
a constraint in real-time deployments and the quality of explanations still depends on prompt
engineering and ontology coverage. Furthermore, there’s a need for user-adaptive verbosity
control and multimodal explanations (text + visuals).
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