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Abstract
While black-box classifiers for video and image analysis deliver high predictive accuracy, their opaque decision
logic is at odds with strict transparency requirements. We propose a novel neuro-symbolic methodology that
bridges unstructured visual media and classical symbolic rule induction. Rather than relying on post-hoc visual
approximations or continuous embeddings, our approach utilizes a local multimodal large language model
(MLLM), such as Qwen2.5-VL, strictly as a perceptual translator to map raw pixels into a discrete semantic
feature space. This intermediate representation enables the direct application of rule learners, such as RuleKit,
to induce human-readable IF. . . THEN rules governing the final classification. Our primary methodological
contribution is the systematic design and empirical characterisation of this pipeline — coupling stochastic MLLM
perception with deterministic rule induction — to yield predictive models where the downstream decision logic is
inherently interpretable. We instantiate this framework in Media Feature Lab, an open-source system supporting
both standalone rule classification and hybrid soft-voting ensembles. Evaluated on four-class video memorability
prediction (MediaEval), binary pneumonia detection, and binary mammography classification on the public
VinDr-Mammo benchmark, the rule-based methodology achieves predictive performance competitive with simple
baselines while rendering the classification path more transparent than standard black-box approaches. We
provide a critical analysis of the variance introduced by the LLM-based translation step and its impact on rule
stability. Code and a live demo are publicly available.
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1. Introduction

A classifier that predicts whether a short clip will be memorable, go viral, or be flagged as a strong
advertisement is of limited use to a media analyst if it cannot explain why. The dominant approaches to
media classification — hand-crafted descriptors or deep embeddings from convolutional neural networks
(CNNs) and Vision Transformers (ViTs) — are accurate but opaque: their predictions can be explained
post hoc with tools such as SHAP (SHapley Additive exPlanations) [1], Local Interpretable Model-
agnostic Explanations (LIME) [2], or Gradient-weighted Class Activation Mapping (Grad-CAM) [3].
These methods are applicable to opaque classifiers, but explain their predictions through feature
attributions, local surrogates, or saliency maps. Our objective is instead to make the downstream
decision logic itself directly inspectable as human-readable rules. Transparency and explainability are
also increasingly reflected in regulation; the EU Artificial Intelligence Act introduces transparency
requirements for specified AI systems [4].

Multimodal large language models (MLLMs) make a different design possible. Models such as
Qwen2.5-VL [5] can analyse video content and temporal dynamics and generate natural-language
responses. Instead of training a specialised network end-to-end, one can use the MLLM as a translator
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from raw pixels into a small set of meaningful features, and then learn another — preferably intrinsically
interpretable — machine learning model on top of them.

This paper presents Media Feature Lab, a tool that realises this idea end-to-end by coupling automatic
MLLM feature engineering with interpretable rule induction. Conceptually, the resulting pipeline is
neuro-symbolic: a neural MLLM constructs the interpretable feature representation, while symbolic
rule induction operates over that representation.

Positioning in Neuro-symbolic AI. This work addresses an open question frequently posed in
modern explainable AI: How can neuro-symbolic AI systems combine the perceptual power of multimodal
LLMs with the transparent, logical reasoning of classical rule induction? The idea of using a neural model
(LLM) to produce a small set of interpretable features for downstream classification was demonstrated in
our previous work for text by Balek et al. [6], who analysed the predictive contribution of the generated
features with SHAP. A related approach for biomedical X-ray classification based on LLM-generated
textual representations was studied by Ay [7]. Our system extends this general direction to video and,
importantly, establishes a loosely coupled neuro-symbolic pipeline by using RuleKit [8] as an explicit
mechanism for inducing human-readable rules over the LLM-extracted attributes. Based on our survey,
this specific neuro-symbolic combination — MLLM feature extraction feeding rule induction — had not
been applied to video classification before [9].

Contributions and research questions. We make three contributions, framed as the questions the
tool is built to answer:

• (RQ1, neuro-symbolic automation) A web tool that designs and extracts interpretable features
from media using a neural perception layer (a locally run MLLM), seamlessly feeding a symbolic
rule learner with no manual feature set and no code (Section 3).

• (RQ2, accuracy) An evaluation of the resulting predictive models against baselines and a classical-
machine-learning ensemble on three domains, including negative and inconclusive results (Sec-
tion 4).

• (RQ3, reproducibility) An analysis locating important sources of variability in stochastic feature
discovery and extraction, with a built-in repeatability test (Sections 3 and 4).

Paper organization. Section 2 introduces MLLM-as-feature-extractor and the RuleKit rule learner.
Section 3 describes the tool: architecture, the five-phase pipeline, the discovery/extraction prompts, the
models, and the explanation mechanism. Section 4 presents the three case studies. Section 5 discusses
related work and Section 6 concludes with open-science resources.

2. Background

2.1. MLLMs as feature extractors

Since Contrastive Language–Image Pre-training (CLIP) aligned image and text in a shared space [10],
multimodal models have advanced quickly, from Flamingo [11] and Video-LLaMA [12] to later video-
capable models such as VTimeLLM [13], LongVA [14], and Qwen2.5-VL [5]. Video-MLLM pipelines
commonly represent video with sampled frames, sometimes combined with subtitles, audio, or audio-
derived text [15, 16]. These models remain imperfect — hallucination and poor temporal perception are
well documented [17, 18]. However, in our work we hypothesise that they are sufficiently capable to
serve as a description layer : a way to convert raw media into structured text from which a small number
of measurable attributes can be read.
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Figure 1: Three-layer architecture. The backend orchestrates a service layer that runs the multimodal model,
speech-to-text, and deterministic video processing locally.

2.2. Rule induction with RuleKit

The rule-learning tradition — AQ [19], CN2 [20], RIPPER [21] — produces models that state their
decisions as explicit conditions. We use RuleKit [8], an open-source suite for rule-based learning
(classification, regression, survival) that induces compact IF. . . THEN rules with associated quality
measures. RuleKit is the source of interpretability in our system: unlike post-hoc explainers such
as SHAP [1] and Local Interpretable Model-agnostic Explanations (LIME) [2], which provide feature-
attribution or local-surrogate explanations for opaque models, the induced rules constitute the predictive
model in the RuleKit-only configuration and can be read without further tooling. We chose RuleKit for
its versatility, as it can handle both regression and classification tasks. However, other rule learning
systems could also be used.

3. The Media Feature Lab System

Media Feature Lab is a web application that takes a small labelled sample of media and, without
any coding, walks the user from raw clips to interpretable rules and predictions. It is built around
two main ideas: the feature set is discovered automatically by an MLLM, and rule induction provides
human-readable decision logic over the extracted features.

3.1. Architecture

The system is a three-layer application (Figure 1): a React/Vite single-page application (SPA) frontend; a
Flask/Gunicorn backend exposing the pipeline as representational state transfer (REST) endpoints; and
a service layer wrapping the media tooling — a locally run Ollama server hosting the multimodal model,
Whisper for speech-to-text, and OpenCV/ffmpeg for keyframe and audio extraction. For video inputs,
the current implementation also appends deterministic OpenCV descriptors such as motion magnitude,
optical flow, saturation, brightness, scene-cut count, and face-presence ratio; these descriptors are not
proposed by the MLLM but are treated by the downstream models as ordinary numeric features. The
first two case studies reported in Section 4 used the MLLM-extracted feature sets documented in [9];
the effect of combining them with the deterministic descriptors is left for future ablation. Running
the MLLM locally keeps data on-premises and avoids per-call API cost, at the cost of latency and the
7B-scale quality ceiling discussed in Section 4. Each browser session is isolated by an X-Session-ID
header and its state is persisted to disk, so a refresh or a server transfer does not lose work.

3.2. The five-phase pipeline

The user advances through five phases (Figure 2, Table 1). The processing phases run asynchronously:
the corresponding endpoints return a job_id and the frontend polls for progress. The tool uses
ZIP archives for media batches, comma-separated values (CSV) files for labels, and JavaScript Object
Notation (JSON) for feature specifications.
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Figure 2: The five-phase pipeline. The MLLM is used in phases 1, 2 and 4; RuleKit induces the rules in phase 3.

Table 1
The five phases of the pipeline.

Phase User provides System produces

1. Discovery sample clips + target name feature specification (JSON)
2. Train extract. training ZIP + labels CSV training feature matrix
3. Training target column rules, metrics, importances
4. Test extract. test ZIP test feature matrix
5. Prediction (optional ground truth) predictions + metrics

3.3. Feature discovery and extraction

We describe the more complex video-processing pipeline below. The image pipeline is analogous, with
video-specific steps such as keyframe extraction omitted.

Discovery is a two-step LLM procedure. First, up to DISCOVERY_MAX_SAMPLES (default 10) supplied
sample clips are each observed: the model is asked for an objective bullet-point description (tempera-
ture 0.1). For video, keyframes are selected by scene-change detection (Hue–Saturation–Value, HSV,
histograms compared by Bhattacharyya distance, threshold 0.35, falling back to uniform sampling) and
an audio transcript is attached. Second, the observations are synthesised into a specification of 5–8
measurable MLLM-extracted features (temperature 0.3), each either a numeric range [min,max] or a
categorical domain ["a","b",. . . ]. Listing 1 shows the core of the synthesis prompt; the output is
a JSON object. When training labels are supplied, the model receives aggregate target context: the class
distribution and example class values for classification, or summary statistics and example target values
for regression. Test labels and explicit media-to-label mappings are not provided during discovery.

Listing 1: Synthesis prompt for Feature Discovery (excerpt).
You are a machine learning feature engineer.
Your goal is to predict: ’{target_variable}’.
Below are observations from N media sample(s): ...
Define EXACTLY 5 to 8 measurable features that:
- Can be extracted from ANY media clip of this type
- Are likely to correlate with ’{target_variable}’
- Cover DIVERSE perceptual dimensions, are independent
Output STRICTLY a JSON object. Each value MUST be a numeric
range [min, max] or a categorical domain ["a", "b", ...].

Extraction (phases 2 and 4) uses a describe-then-extract structured prompt: the model first de-
scribes the clip in 2–3 sentences and then produces a JSON object with exactly the specified keys.
The intermediate description is intended to provide explicit perceptual context for the subsequent
structured extraction. To dampen the stochasticity of a single call, extraction can be run 𝑘 times per clip
(EXTRACTION_PASSES) and aggregated — median for numeric features, majority vote for categorical
ones. Values are validated and clamped to the declared ranges; within an extraction batch, missing
numeric values are filled with the column median and missing categorical values with the modal
category.

3.4. Models and the explanation

For regression the system trains a RuleKit RuleRegressor. The predictions are produced by the
induced rule model. For classification, the current implementation trains a RuleKit RuleClassifier



together with Random Forest (RF) and Gradient Boosting Trees (GBT). When all three models
are available, the ensemble averages the class-probability distributions of RuleKit, RF (200 trees,
class_weight="balanced"), and GBT (100 trees). For a sample 𝑥 and class 𝑐, the implemented
prediction is

𝑝𝑐(𝑥) =
1

3
𝑝RK
𝑐 (𝑥) +

1

3
𝑝RF
𝑐 (𝑥) +

1

3
𝑝GBT
𝑐 (𝑥), 𝑦(𝑥) = argmax

𝑐
𝑝𝑐(𝑥). (1)

If RF/GBT training fails, classification falls back to RuleKit only.
In the RuleKit-only configuration, predictions are generated by RuleKit. For classification predictions,

the application reports the RuleKit component’s predicted class and up to three label-consistent covering
rules when available, using the first as the primary displayed rule. If no such rule is available, the
interface reports this explicitly. In the hybrid configuration, these rules explain the RuleKit component
rather than necessarily the blended decision; the interface indicates when the ensemble prediction
differs from RuleKit. Figure 3 shows the training screen with the induced rules and metrics.

3.5. Reproducibility support

Because the feature values come from a stochastic model (LLM), the tool includes a built-in repeatability
test: a single clip is processed 𝑁 times and, for each numeric feature with a non-zero mean 𝜇, the
standard deviation 𝜎 and the coefficient of variation (CV) are calculated.

CV = 100 · 𝜎

|𝜇|
% (2)

For categorical features, the modal category and its frequency are reported instead.

4. Case Studies

We demonstrate the tool on three tasks spanning video and biomedical imagery, ranging from a few
dozen to a thousand media items. The aim is to demonstrate the workflow and characterise its behaviour
rather than to establish general superiority in predictive accuracy.

The first two case studies (Movie Memorability and Pneumonia) were processed using the Qwen2.5-
VL-7B model and the third one (Mammography) using the Qwen3.6-35B model.

4.1. Movie memorability (MediaEval)

The target is the long-term memorability of short movie excerpts, a challenging prediction task [22].
The continuous memorability score was binned into four classes (0–3) by training-set quartiles; the test
set has 106 clips. Phase 1 autonomously proposed eight features (Table 2) — a mix of visual, audio, and
temporal dimensions — with no manual input.

Table 2
Features auto-discovered for the memorability task (Phase 1).

Feature Domain

audio_intensity numeric [0, 10]
audio_repetition {none, low, high}
emotional_tone {calm, tense, neutral}
scene_activity {high, low}
scene_type {indoor, outdoor, mixed}
temporal_change numeric [0, 1]
visual_complexity numeric [0, 10]
visual_dynamics {static, dynamic}



Figure 3: Phase 3 (training) for the mammography task in the public demo instance: the auto-discovered feature
specification, the extracted feature matrix, the cross-validated metrics, and the seven induced RuleKit rules.

The induced RuleKit model contains 19 rules with on average 1.8 conditions (median 2) — compact
enough to read in full. Representative rules reported in [9]:

IF visual_complexity < 6 AND temporal_change < 0.5 THEN memorability_class = 0;
IF audio_intensity ∈ [4, 7.5) AND visual_complexity < 4.5 THEN memorability_class = 1.

Accuracy (RQ2). Table 3 summarises the test-set results; balanced accuracy is the unweighted mean
of recall computed separately for each class, and MCC denotes the Matthews correlation coefficient.
RuleKit achieved accuracy 0.330 (95 % Wilson interval [24.8, 42.4]%), compared with 0.302 for the
majority-class baseline, 0.349 for logistic regression, and 0.311 for the hybrid RuleKit/RF/GBT model.
These absolute differences are small, and no formal paired significance test was performed. The



results therefore do not establish an accuracy advantage for the rule-based approach; its distinguishing
property is the availability of human-readable rules. Because MediaEval evaluates memorability as
regression using Spearman correlation, these classification metrics are not directly comparable to official
leaderboard results.

Table 3
Movie memorability, four-class, test set of 106 clips.

Model Acc. Bal. acc. F1macro MCC

Majority-class baseline 0.302 0.250 0.116 0.000
Logistic regression 0.349 0.323 0.312 0.112
LLM + RuleKit (iter. 1) 0.330 0.304 0.289 0.083
LLM + RuleKit/RF/GBT (iter. 2) 0.311 0.287 0.270 0.057

Reproducibility (RQ3). Running extraction five times on one clip exposes where variance
lives (Table 4): categorical features were perfectly stable, audio_intensity had CV 0 %, but
visual_complexity varied with CV 51.6 %. This illustrates limited extraction stability for some
features of the local 7B model. Re-running Phase 1 on identical sample clips also produced a different
feature set with markedly different predictive power, suggesting that stochastic feature discovery is an
important source of performance variability.

Table 4
Per-feature variation across five extractions of one clip (excerpt). CV = coefficient of variation.

Feature Mean± Std CV

audio_intensity 3.00± 0.00 0.0 %
visual_complexity 4.20± 2.17 51.6 %
emotional_tone neutral (100 %) –
scene_type indoor (100 %) –

4.2. Pneumonia detection (cross-domain)

To probe generality, we applied the unmodified application to binary pneumonia detection on
an internal chest imagery dataset (80 training, 34 test; majority-class baseline 73.5 %). Phase 1
autonomously proposed seven radiology-oriented features (e.g., lung_field_opacity ∈ [0, 10],
abnormal_lung_patterns).

Three exploratory runs (Table 5) examined the effects of feature specification and classifier choice.
Run 1 used RuleKit with independently discovered spec A and reached 41.2 %. RuleKit with spec B
(Run 3) reached 76.5 %, a difference of 35.3 percentage points between the two independently discovered
specifications. On spec B, the RF/GBT ensemble (Run 2) reached 82.4 %, 5.9 percentage points above
Run 3. Thus, in these runs, the change in feature specification was associated with a substantially
larger accuracy difference than the change in classifier on spec B. Because the test set contains only
34 samples and no formal significance test was performed, these numbers should be interpreted as an
exploratory portability check rather than evidence of a general performance improvement. For context,
specialised deep convolutional networks such as CheXNet reach radiologist-level pneumonia detection
on large chest X-ray benchmarks [23]; the present workflow does not aim to compete with such models
on accuracy and instead trades peak performance for a fully transparent decision path.

Representative rules from the RuleKit model in Run 3, reported in [9], included IF
lung_field_opacity < 6.5 THEN class = 0 and IF heart_size ̸= large THEN class
= 1. These examples illustrate that the induced decision conditions are directly inspectable, while their
domain validity still depends on the faithfulness of the MLLM-extracted features.



Table 5
Pneumonia detection, binary, test set of 34 samples. Runs 1 and 2 use independently discovered specs; Run 3
reuses Run 2’s spec with the RuleKit classifier.

Model Acc. Bal. acc. F1macro MCC

Majority-class baseline 0.735 0.500 0.424 0.000
LLM + RuleKit (run 1, spec A) 0.412 0.564 0.410 0.141
LLM + RF/GBT (run 2, spec B) 0.824 0.738 0.755 0.519
LLM + RuleKit (run 3, spec B) 0.765 0.591 0.595 0.283

4.3. Binary BI-RADS classification (VinDr-Mammo)

The target is the BI-RADS assessment of a screening mammogram, taken from VinDr-Mammo [24], a
public benchmark of 5,000 four-view exams double-read by radiologists. Because BI-RADS is assigned
per breast, each image was labelled from its own breast: BI-RADS 1–2 form class 0, BI-RADS 4–5 form
class 1, and BI-RADS 3 was excluded. Images were converted from DICOM to 8-bit PNG following the
dataset authors’ reference procedure [25]. We drew a class-balanced sample from the official VinDr-
Mammo splits, which are patient-disjoint, so no woman appears in both training and test — 800 training
and 200 test images, that is 1,000 images of 500 breasts from 375 women. Within the sample, the two
classes were additionally drawn from disjoint patients, so no woman contributes a breast to both classes.

Figure 4: Example input images from VinDr-Mammo [24], both right craniocaudal views of ACR density B
breasts. Left: BI-RADS 1 (class 0), no annotated finding. Right: BI-RADS 5 (class 1), with a mass and clustered
suspicious calcifications in the dataset annotations.

Table 6
Features auto-discovered for the mammography task (Phase 1).

Feature Domain

architectural_distortion_presence {absent, present}
breast_density_category {fatty, scattered fibroglandular,

heterogeneously dense, extremely dense}
calcification_presence {absent, present}
mass_margins {circumscribed, spiculated, ill-defined}
mass_presence {absent, present}
skin_thickening_presence {absent, present}

The induced RuleKit model contains seven rules with on average 1.6 conditions (median 2):

IF mass_margins = circumscribed AND calcification_presence = absent THEN birads_class = 0;
IF mass_presence = absent AND mass_margins ̸= spiculated THEN birads_class = 0;
IF mass_margins ̸= circumscribed THEN birads_class = 1;
IF mass_presence = present AND breast_density_category ̸= fatty THEN birads_class = 1;



IF breast_density_category = heterogeneously dense THEN birads_class = 1;
IF breast_density_category ̸= fatty THEN birads_class = 1;
IF mass_presence = present AND breast_density_category ̸= scattered fibroglandular THEN
birads_class = 1.

The first three reproduce the standard reading that margin morphology, rather than the presence
of a mass alone, separates benign from suspicious findings. The remaining four, however, key
the suspicious class to breast density, which is a risk factor rather than a finding; the rule IF
breast_density_category ̸= fatty THEN birads_class = 1 is close to a constant pre-
diction: only 8 of the 1,000 images (0.8 %) are annotated ACR density A. Rule 5 is subsumed by rule 6.
Density nonetheless carries the largest share of rule weight (0.36, against 0.27 for mass_presence and
0.27 for mass_margins). These rules do not dominate the decisions: five of seven rules predict class 1,
yet the model predicts class 0 for 147 of 200 test images. Reading the rule set thus exposes a latent
dependence on a risk factor rather than a finding — a defect the current weighting happens to suppress,
and that a feature-attribution explanation would not surface. Figure 3 shows the corresponding training
screen.

Accuracy (RQ2). Table 7 reports performance on the held-out test set. All predictions and evaluation
metrics were computed at the individual image level (𝑛 = 200), without aggregating the craniocaudal
and mediolateral oblique views into a breast-level diagnosis. The RuleKit configuration achieved an
accuracy of 0.675 and the hybrid ensemble 0.670, both exceeding the 0.500 majority-class baseline.
To account for sample non-independence (200 images representing 75 distinct patients), we report
a conservative patient-clustered (𝑛 = 75) 95% Wilson confidence interval for RuleKit accuracy of
[56.3, 77.0]%.

The RuleKit confusion matrix (91 true negatives, 9 false positives, 56 false negatives, 44 true positives)
yields a class 1 precision of 0.830 and a recall of 0.440. Although the induced density rule quoted above
applies to over 99% of the test set, the model output only 53 class 1 predictions in total. This discrepancy
demonstrates that the final decision logic — whether driven by internal rule weighting or the ensemble’s
soft-voting mechanism — does not strictly follow individual rule coverage. Clinically, while the model
isolates suspicious features with relatively high precision, missing 56 out of 100 class 1 images (0.440
recall) fails to meet the high sensitivity thresholds required for mammography screening [26].

Table 7
Binary BI-RADS classification, held-out test set of 200 images.

Model Acc. Bal. acc. F1macro MCC

Majority-class baseline 0.500 0.500 0.333 0.000
LLM + RuleKit 0.675 0.675 0.656 0.397
LLM + RuleKit/RF/GBT 0.670 0.670 0.656 0.371

Reproducibility (RQ3). Table 8 reports five repeated extractions of the BI-RADS 5 mammogram of
Figure 4; as every discovered feature is categorical, the table gives the modal category together with
how often it was returned. Agreement is high: five of the six features returned the same value on all five
passes, and architectural_distortion_presence on four. Stability, however, is not grounding.
Of the five features for which VinDr-Mammo records ground truth, the model is right about the mass,
the calcifications and the absence of skin thickening, but reports an architectural distortion that no
radiologist annotated, and returns heterogeneously dense on every pass for a breast graded ACR B. Both
errors fall on features that were perfectly or near-perfectly stable, and the density error is the one that
propagates: four of the seven rules above test breast density. Margin morphology is not recorded in the
dataset, so mass_margins cannot be scored.



Table 8
Five repeated extractions of one mammogram (the BI-RADS 5 image of Figure 4), against the dataset’s annota-
tions.

Feature Modal category (frequency) Annotated ground truth

architectural_distortion_presence present (80 %) absent
breast_density_category heterogeneously dense (100 %) scattered fibroglandular
calcification_presence present (100 %) present
mass_margins spiculated (100 %) not recorded
mass_presence present (100 %) present
skin_thickening_presence absent (100 %) absent

4.4. Discussion and limitations

Across all three domains, RuleKit provides directly inspectable decision conditions over the extracted
features. Rule interpretability, however, should not be conflated with feature faithfulness. An MLLM-
extracted feature may itself be inaccurate, hallucinated, or insufficiently grounded in the input media.
Consequently, a RuleKit explanation is faithful to the rule-based component conditional on the quality
of the extracted representation, but is not automatically a faithful explanation of the original image or
video. Carandang et al. [27] operationalise consistency across repeated iterations using the same prompt
as intra-prompt stability, while evaluating correctness separately against a reference. Accordingly, the
repeatability test measures extraction stability rather than grounding accuracy.

In the mammography case study, a further limitation concerns the unit of evaluation. Because
BI-RADS is a breast-level assessment, a clinically meaningful evaluation would aggregate the two views
into one per-breast decision. The pipeline has no such step, so the reported sensitivity is a per-image
quantity.

Future work will address feature faithfulness and discovery stability, compare MLLM-extracted and
deterministic descriptors by ablation, and evaluate the practical utility of the generated rules with
domain experts.

5. Related Work

Our system sits at the intersection of LLM-based feature generation and rule learning, contributing to
the growing field of neuro-symbolic AI. Balek et al. [6] generate interpretable features from text with an
LLM and study them with SHAP; Ay [7] studies explainable biomedical image classification using LLM-
generated textual descriptions and embedding representations, while Jeršova [28] studies explainable
image classification based on word embeddings. We extend this line to video by using RuleKit [8], in the
tradition of AQ/CN2/RIPPER [19, 20, 21], as an intrinsically interpretable predictive configuration and as
the rule-based explanation component of the hybrid classifier. This contrasts with post-hoc explainers
such as SHAP and LIME [1, 2], which explain predictions of already-trained models. On the perception
side, our frame-based description layer follows common MLLM video practice [15, 16, 29]. Known
MLLM limitations include hallucination [17] and poor temporal perception [18]; our RQ3 separately
evaluates the repeatability of extracted features.

6. Conclusion and Open Science

Media Feature Lab demonstrates a practical neuro-symbolic architecture: a local multimodal LLM
serves as an automatic neural feature engineer whose output feeds a symbolic rule learner, yielding a
pipeline from raw media to human-readable IF. . . THEN rules without manual feature definition
or programming. The three case studies do not establish a consistent predictive advantage over
conventional baselines: the first two do not improve on the strongest reported baseline, whereas on the
mammography assessment task the held-out accuracy of 0.675 exceeds the 0.500 baseline with an interval



that excludes it, though at a per-image sensitivity too low for clinical use. They demonstrate an end-to-
end, reproducibility-oriented workflow and show that performance is sensitive to the automatically
discovered feature representation. In the RuleKit-only configuration, the feature-to-decision mapping
is directly inspectable. In the hybrid configuration, RuleKit provides an interpretable component of
the decision rather than a complete explanation of the ensemble. In both cases, interpretation remains
conditional on the faithfulness of the MLLM-extracted features.

Resources. The complete source code of Media Feature Lab is available at https://github.com/kovm23/
BP-featurelab, including a link to the live demo. The tool ingests media as ZIP archives and labels as
CSV, and exports feature matrices, rules, and predictions as CSV/JSON for downstream use.
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