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Autonomous systems pose liability issues when automated decisions
contribute to harm, failure, or non-compliance with regulations. Current legal
Al studies primarily focus on classification, retrieval, question answering, and
judicial prediction, and little has been done to translate legal and regulatory
texts into structured signals that convey liability-relevant information. This
research paper proposes a decision-support model for categorizing liability
cues under European Union and Indian law. The source datasets were
MultiEURLEX and IndicLegalQA, and a rule-based proxy mapping was
developed to assign five labels: damage, defect, liability, regulation, and risk.
This model is based on word-level and character-level TF-IDF, jurisdiction
encoding, and a One-vs-Rest Linear Support Vector Machine classifier for multi-
label classification. The final best configuration had an overall 91.33% subset
accuracy, 96.08% Micro-F1, 87.81% Macro-F1, and 0.0201 Hamming Loss,
compared to the best configurations of Logistic regression, Linear SVM, and
Rand Forest. The framework aids initial legal and regulatory analysis and does
not decide liability on doctrinal grounds or substitute for proficient legal
analysis.

1. Introduction
Autonomous systems are

increasingly used in

the current legal Al research focuses on broad legal NLP tasks.
Recent surveys highlight legal document classification, legal

transportation and robotics, automated decision-making, and
digital governance. Their increasing autonomy raises
challenging questions of liability when system decisions
contribute to damage, system breakdowns, or regulatory non-
compliance. These queries are particularly tricky in cross-
jurisdiction practices since legal responsibilities, risk
expectations, compliance requirements, and accountability
frameworks vary across jurisdictions. Legal artificial
intelligence has advanced through multi-label classification of
legal documents, such as MultiEURLEX, which can classify
complex legal documents into more than two categories [1].
The use of Indian legal datasets has similarly broadened the
scope of legal Al by enabling computational analysis of
jurisdiction-specific question-answer content [2]. Special-
purpose language models like LEGAL-BERT also indicate that
legal NLP is sensitive to legal terminology, institutional
language, and meaning [3]. Even with these advancements,
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information retrieval, question answering, summarization,
and predictive analytics as the key research domains in legal
NLP [4]. Judicial prediction studies are another example of
machine learning's potential to uncover patterns in legal text
and case decisions [5,6]. But these studies are not directly
relevant to the issue of structuring liability-relevant signals
for autonomous agents from legal and regulatory texts. This
gap is significant because general text classification alone is
insufficient to enable autonomous system governance. There
is a need for techniques to detect signals in legal texts related
to risk, defect, damage, liability, regulation, and
accountability, useful to regulators, developers, compliance
teams, and researchers. Research in legal NLP has
demonstrated that legal information access can be greatly
facilitated by leveraging structured computational methods
at scale [7] and that argumentation-based approaches are
crucial for establishing links among legal claims, duties, facts,
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and consequences in legal reasoning [8]. However, little
computational research exists that translates regulatory text
into liability-signal categories for cross-jurisdictional,
autonomous-system governance. To bridge this gap, the
present study proposes an Al-based liability-signal
classification framework using the European Union Legal
Data and the Indian Legal Data. The framework is not a legal
formulation, nor does it impinge upon judicial logic or legal
analysis by experts. Rather, it maps the label to the legal and
regulatory texts using a rule-based approach, extracts
features from the texts using TF-IDF, adds the jurisdiction
field, and classifies the texts into liability-relevant categories
using multi-label machine learning models.
Transparency is at the core of this task. The outputs from
liability-related tasks should not be used as black-box
predictions, particularly in legal and regulatory settings.
Explainable Al research aims to make it easy for users to
understand the "how" and "why" behind a system's
prediction, as well as the appropriate actions to take [9].
Moreover, legal text categorization cannot be weak, since
legal documents might be ambiguous, overlapping, and use
jurisdiction-specific terminology, all of which are essential for
ensuring the reliability of regulatory analysis via machine
learning [10]. We think that this research has four novel
characteristics. First, it builds a cross-jurisdictional taxonomy
of the liability-signals used in EU and Indian legal texts.
Secondly, it translates current legal information into multi-
labels with liability-related categories. Third, it compares
liability-signal classification machine-learning models against
classical approaches in each jurisdiction. Finally, it suggests a
workflow for decision support that could enable legal signals
to support autonomy-system governance. This study aims to:
e To construct a liability-signal taxonomy relevant to
autonomous systems.

e To map EU and Indian legal-regulatory texts into multi-
label liability categories.

e To evaluate classical machine-learning models for cross-
jurisdictional liability-signal classification.

e To propose a decision-support workflow for using
classified regulatory signals in autonomous-system
governance.

2. Literature review

The shift in attitude in the literature on Al and
autonomous systems goes beyond operational efficiency to
encompass governance and accountability. In the context of
cloud robotics, learning-based methods show that machine
learning can assist autonomous systems' decision-making
under technical constraints, but this line of research primarily
focuses on network offloading and system performance
rather than legal responsibility or liability modeling [11]. This
situation will leave a gap between technical optimization
research and the regulatory questions arising from harm
caused by autonomous systems or their failure to meet legal
obligations. The area of Al governance is directly tackling this
regulatory vacuum. One of the key strengths of socio-legal
governance research is its focus on the ethics and
accountability mechanisms needed to ensure Al systems are
used responsibly and in compliance with regulations and best
practices. Explainability research also demonstrates that
automated decisions should be explainable, especially when
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someone needs to explain or argue a decision [12,13]. These
studies confirm the necessity of an unambiguous
classification of liability signals but fail to provide a specific,
operational computational pipeline for mapping legal text
into liability-relevant classes. The area of legal liability
scholarship that has been gaining traction recently is the
allocation of responsibility, the role of human involvement,
and the interplay between liability and risk management
rules. The European liability literature offers examples that
confirm this, and that Al liability simply cannot be
distinguished from the observer's share of responsibility and
other aspects of risk governance [14]. A further analysis of
experts' proposals on liability demonstrates that the legal
framework continues to accommodate technological
autonomy and accountability [15]. Ex-post tort liability
suggests that liability could provide an incentive to be safer
when using Al, particularly in high-risk settings [16]. The
contributions are important not only legally, but also
doctrinally and with a policy focus, rather than data.

Another field of research focuses on the legal status of Al
systems or on the liability of the developer, operator,
manufacturer, or user [17]. The emergence of autonomous
vehicle technology has also created a conflict between the
new technology and the current liability regimes [18].
Further, comparative literature on the law of autonomous
vehicles holds that laws must also adjust to situations that
autonomous systems can generate with a mix of software,
sensors, and automated decision-making [19]. While these
studies are important in that they delineate the legal issue of
autonomous-system liability, they have yet to operationalize
liability analysis by machine-learning classification of
regulatory text. The European Union (EU) is increasingly
highlighting the need for structured Al liability governance
through regulatory efforts. The proposed Al Liability
Directive seeks to address issues of civil liability arising from
Al-related harm and evidentiary challenges [20]. However,
such regulatory tools remain as “rules of the road.” They do
not offer (single) computational approaches to identifying
signals for liability across large texts of law. In the field of
machine learning, there is literature that enables
classification systems to be made more interpretable. This is
particularly relevant in high-stakes legal contexts, where
model outputs must be subject to review and should not be
interpreted as model decisions [21]. This is consistent with
the current study's choice to model transparent features and
evaluate multi-labels. In general, literature presents 3 gaps.
Legal liability is rarely modeled in technical Al studies, and
scalable classification pipelines are not typically linked to
legal Al liability studies or explainable Al research to cross-
jurisdictional regulatory liability analysis. The contribution of
this study includes the use of the liability-signal taxonomy, EU
and Indian legal datasets, the TF-IDF approach for feature
extraction, jurisdiction encoding, Linear SVM classification,
and a decision-support workflow for autonomous-system
governance to address these gaps.

3. Methodology
3.1 Research design

In this work, a computational legal text classification
approach is employed to identify signals of liability in legal
materials from the EU and India. The framework is not meant
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to prescribe legal liability or to be a substitute for judicial or
expert legal reasoning. Rather, it categorizes legal and
regulatory text into structured liability-signal classes to aid
initial review by regulators, compliance teams, legal
researchers, and autonomous-system developers. One unit of
analysis is a legal/regulatory text instance. Multiple "signal”
issues can relate to a single text, and the task is designed as a
multi-label classification problem. The result is a predicted
set of labels (damage, defect, liability, regulation, risk), along
with a liability-relevance level, to facilitate interpretation and
decision support. The workflow is:

Input legal/regulatory text — preprocessing — liability-label
mapping — feature extraction — jurisdiction encoding —
model training — multi-label prediction — liability-signal
scoring — human interpretation

The pipeline is represented as:

D = {(xi,ju, ¥i)}en (1)
x> Px) > Flx)®JG) -9~ S (2)

where Dis the dataset, x;is a legal text instance, j;is the
jurisdiction, y;is the true multi-label vector, P(x;)is
preprocessing, F(x;)is TF-IDF feature extraction, J(j;) is
jurisdiction encoding, @denotes feature concatenation, ¥; is
the predicted label vector, and S; is the liability-relevance
score.

3.2 Data collection and label construction

Two public legal datasets were chosen: MultiEURLEX
(EU legal documents) and IndicLegalQA (legal question-
answer records from India) [22, 23]. The datasets were
chosen to include both inter-jurisdictional legal text sources.
But both datasets were designed specifically to assess liability
for an autonomous system. This study thus considers them as
legal-text sources and builds the liability-signal labels by a
rule-based proxy-mapping procedure. Table 1 summarizes
the number of records in the final data set (21,301). This
comprised EU records from MultiEURLEX (18842) and Indian
records from IndicLegalQA (2459). These data were then
coded to five liability-signal labels: damage, defect, liability,
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Liability label construction and mapping: Liability labeling
was not done by the expert by hand, but was done using
keywords and the respective rules. All records were first
mapped to a common schema with text, jurisdiction, dataset
source, and split information. Second, five types of liability
were identified based on various legal concepts related to
autonomous-system governance: damage, defect, liability,
regulation, and risk. Third, for each category, a set of
keywords was prepared. Fourth, one or more labels were
added to each text instance as the relevant keyword group
was found in the text. Fifth, records with no liability indicator
were omitted. It is important to realize that this mapping is a
proxy mapping for locating signals of liability in text, as listed
in Table 2. It does not create “legal liability.” The labels were
also created by the rules, so inter-annotator agreement, such
as Cohen's kappa, could not be used. Future validation needs
include expert annotation and agreement testing.

3.3 Sampling and data split

The training set, validation set, and test set for the
mapped corpus were created with a fixed random number
seed of 42, usinga 70% / 15% / 15% split. A split maintained
the multi-label nature of the data and the representation from
both jurisdictions. Finally, there were 14,910 records for
training, 3,195 for validation, and 3,196 for testing.

D = Dirain U Dygy U Diest (3)

where Diygin, Dyar, and Deosedenote the training, validation,
and held-out test sets.

3.4 Feature extraction and model configurations

Text was represented using Term Frequency-Inverse
Document Frequency (TF-IDF). Word-level TF-IDF used n-
grams from 1 to 2, maximum features of 80,000, min_df = 2,
and max_df = 0.95. Character-level TF-IDF used the char_wb
analyzer with n-grams from 3 to 5, maximum features of
50,000, and min_df = 2. Jurisdiction was represented using
one-hot encoding with two dimensions. The final improved
feature vector therefore had 130,002 dimensions.

. . Xi = [TFIDFword (‘xl) @ TFIDFchar(xi) ®]OL)] (4’)
regulation, and risk.
Table 1. Dataset summary
Dataset Jurisdiction Samples used Labels mapped Train Validation Test
IndicLegalQA India 2,459 1,721 369 369
MultiEURLEX EU 18,842 13,189 2,826 2,827
Table 2. Liability label taxonomy
Label Definition Rationale Example indicators
damage Text indicating harm, injury, loss, or damage. Damage is required in most liability damage, harm, injury, loss
assessments.
defect Text indicating product, design, software, or Defect is central to product/system liability. | defect, fault, error, failure
operational failure.
liability Text indicating legal responsibility or Liability attribution is central to failure liable, liability, responsible
accountability. analysis.
regulation | Text indicating legal, regulatory, or compliance | Autonomous systems operate under regulation, directive, law,
duties. regulatory obligations. compliance
risk Text indicating danger, hazard, uncertainty, or Risk is central to Al and autonomous- risk, danger, hazard, unsafe
unsafe operation. system governance.
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The study compared baseline and proposed
configurations using One-vs-Rest classifiers, as summarized
in Table 3. Logistic Regression, Linear Support Vector
Machine, and Random Forest served as baseline models. The
proposed feature-level hybrid model combined word-level
TF-IDF, character-level TF-IDF, and jurisdiction encoding
with a One-vs-Rest LinearSVC classifier. Here, “hybrid” refers
to feature integration, not classifier voting, stacking, or output
assembling. Class imbalance was addressed using
class_weight="balanced" in Logistic Regression and
LinearSVC, and balanced_subsample in Random Forest. No
oversampling or synthetic data generation was applied.

3.5 Evaluation strategy

Models were evaluated on the held-out test set using
multi-label metrics: subset accuracy, Micro Precision, Micro
Recall, Micro-F1, Macro Precision, Macro Recall, Macro-F1,
and Hamming Loss. Subset accuracy measures the exact
match between the full sets of predicted and true labels.
Hamming Loss measures the proportion of incorrectly
predicted labels across all samples and labels.

SubsetAccuracy = % Z?=1 I(y; =9) (5)

. 1 " L N
HammingLoss = Ezizl ijl 1(yij # 9ij) (6)

where nis the number of samples and Lis the number of
labels.

Table 3. Model configurations
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Statistical comparisons were conducted using McNemar’s test
for exact-match correctness and Wilcoxon signed-rank tests
for per-sample Hamming error, with significance set at p <
0.05.

3.6 Ethical considerations

The framework has only a supporting role in decision-
making. Recognizes textual cues that indicate liability but
does not assign liability. To determine legal responsibility,
one must engage in contextual legal reasoning, causation
analysis, foreseeability, evidence, human oversight
assessment, and jurisdiction-specific interpretation. There
may be structural biases in the datasets as well. EU legal texts
are not as varied as legal texts in other languages, and
IndicLegalQA is a question-answering corpus rather than a
dedicated liability corpus. All outputs must thus be reviewed
by a human legal and compliance expert before any
regulatory or practical use.

4. Results
4.1 Experimental performance

Multi-label classification metrics were used to assess the
models on the held-out test set. Here, exact results are
reported for the baseline, proposed, and ablation
configurations, as shown in Table 4. The best overall model
was the Improved Proposed Hybrid SVM, comprising word-
level TF-IDF, character-level TF-IDF, and jurisdiction
encoding, with a One-vs-Rest LinearSVC classifier.

Configuration Features used Classifier Jurisdiction

TF-IDF + Logistic Regression Word TF-IDF One-vs-Rest LR No

TF-IDF + Linear SVM Word TF-IDF One-vs-Rest LinearSVC No

TF-IDF + Random Forest Word TF-IDF One-vs-Rest RF No

TF-IDF + Jurisdiction + LR Word TF-IDF + jurisdiction One-vs-Rest LR Yes

Improved Hybrid SVM Word TF-IDF + char TF-IDF + jurisdiction One-vs-Rest LinearSVC Yes

No Character TF-IDF Word TF-IDF + jurisdiction One-vs-Rest LinearSVC Yes

No Jurisdiction Word TF-IDF + char TF-IDF One-vs-Rest LinearSVC No

Table 4. Main model performance on the held-out test set

Model Subset Micro Micro Micro- Macro Macro Macro- Hamming
Accuracy Precision Recall F1 (%) Precision Recall F1 (%) Loss
(%0) (*0) (%) (%) (*0)

Improved Proposed 91.33 95.79 96.38 96.08 87.63 88.03 87.81 0.0201

Hybrid SVM

Improved Hybrid 91.33 95.77 96.38 96.07 87.67 88.03 87.84 0.0202

without Jurisdiction

Baseline TF-IDF + 90.61 94.93 96.30 95.61 84.86 87.88 86.33 0.0226

Linear SVM

Improved Hybrid 90.33 95.01 96.01 95.50 85.04 86.73 85.86 0.0231

without Character

TF-IDF

Baseline TF-IDF + 84.51 96.48 87.90 91.99 90.36 57.23 67.61 0.0391

Random Forest

Baseline TF-IDF + 81.32 85.41 94.32 89.64 65.15 89.73 74.58 0.0557

Logistic Regression

TF-IDF + Jurisdiction | 81.26 85.35 94.29 89.60 65.07 89.67 74.50 0.0559

+ Logistic Regression
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It achieved 91.33% subset accuracy, 96.08% Micro-F1,
87.81% Macro-F1, and 0.0201 Hamming Loss. The model
without jurisdiction encoding achieved results nearly
identical to the previous model, with an accuracy of 91.33%,
a micro F1 of 96.07%, and a Hamming Loss of 0.0202. This
means that a wealth of jurisdictional cues had already been
infused into the text through vocabulary, statutory language,
and document form. Bootstrap confidence intervals were also
calculated for the best model. The 95% confidence interval
was 0.9042-0.9230 for subset accuracy, 0.9565-0.9649 for
Micro-F1, and 0.8617-0.8926 for Macro-F1.

4.2 Baseline comparisons

As observed in Figure 1 and Figure 2, the baseline
comparison shows that Linear SVM has produced better
performance when compared to Logistic Regression and
Random Forest classifiers. The baseline model, TF-IDF +
Linear SVM (90.61% subset accuracy and 95.61% Micro-F1)
outperforms Logistic Regression (81.32% subset accuracy,
89.64% Micro-F1). Random Forest had a higher Micro
Precision (96.48%), but the Micro Recall (87.90%) and subset
accuracy (84.51%) were lower, which suggests poor exact
multi-label prediction. The improvement of the proposed
model over the baseline Linear SVM is modest but
measurable: subset accuracy increased from 90.61% to
91.33%, Micro-F1 increased from 95.61% to 96.08%, and
Hamming Loss decreased from 0.0226 to 0.0201.

4.3 Ablation study

The ablation study examined the effect of removing
jurisdiction encoding and character-level TF-IDF features.
Table 5 reports the exact ablation results. As shown in Figure
3, when using character-level TF-IDF, the model performance
is better. The character-level features were removed, and the
subset accuracy dropped to 90.33% while Hamming Loss
went up to 0.0231 from 0.0201.

Improved Proposed Hybrid: Word TF-IDF + Char TF-IDF + Jurisdiction + Linear SVM

Ablation: Improved Hybrid Without Jurisdiction Feature

Baseline: TF-IDF + Linear SVM

Ablation: Improved Hybrid Without Character TF-IDF

Ablation: India-only Training on India Test

Model

Baseline: TF-IDF + Random Forest

Ablation: Without Jurisdiction Feature

Baseline: TF-IDF + Logistic Regression

Proposed Hybrid: TF-IDF + Jurisdiction + Logistic Regression

Ablation: EU-only Training on EU Test
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In contrast, the exclusion of explicit jurisdiction encoding
had very little effect. One possible explanation is that word-
level and character-level TF-IDF had already identified the
specific words and legal structures, institutional terms, and
document structure related to jurisdiction. This needs to be
seen as a finding about the dataset, not as a statement that
jurisdiction features are not needed in general.

4.4 Jurisdiction-wise analysis

The analysis of test records has considered them
separately for the EU and India. The results are not directly
comparable to the pooled result in Table 4. The average
accuracy of the subsets in the held-out data set is 91.33% and
is pooled. The performance on the same test set is instead
reported in Table 6 when the set is split by jurisdiction. Lower
values for jurisdictions may result from differences in label
distributions, dataset structures, and text formats.

As shown in Figure 4, the EU subset achieved 82.00%
subset accuracy and 89.84% Micro-F1, while the Indian
subset achieved 75.61% subset accuracy and 86.87% Micro-
F1. This performance difference may reflect the more
standardized structure of MultiEURLEX compared with the
question-answer format of IndicLegalQA, rather than a
substantive difference in legal complexity between
jurisdictions.

4.5 Liability assessment distribution

The liability assessment layer converts predicted liability
signals into low-, moderate-, and high-liability-relevance
categories, as summarized in Table 7. These categories are
intended only as operational screening outputs for human
review and should not be interpreted as legally calibrated risk
thresholds or final liability findings.

95.50

B Subset Accuracy
Ol Micro-F1
B Macro-F1

85 90 95 10¢

Score (%)

Figure 1. Model performance comparison across subset accuracy, Micro-F1, and Macro-F1
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Model

Figure 2. Subset accuracy comparison across model configurations.
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Ablation: Improved Hybrid Without Jurisdiction Feature

Ablation: Improved Hybrid Without Character TF-IDF

Ablation: India-only Training on India Test

Proposed Hybrid: TF-IDF + Jurisdiction + Logistic Regression

Baseline: TF-IDF 4 Linear SVM

Baseline: TF-IDF + Random Forest

Ablation: Without Jurisdiction Feature

Baseline: TF-IDF + Logistic Regression

Ablation: EU-only Training on EU Test
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Improved Proposed Hybrid: Word TF-IDF + Char TF-IDF + Jurisdiction + Linear SVM .08%
Ablation: Improved Hybrid Without Jurisdiction Feature 07%
u
2 Ablation: Improved Hybrid Without Character TF-IDF 3.50%
g
c
2
g Ablation: India-only Training on India Test $5%
<r
Ablation: Without Jurisdiction Feature 1%
Ablation: EU-only Training on EU Test %
E] ZIO 4b Gb BID 100
Micro-F1 Score (%)
Figure 3. Ablation study results showing the contribution of model components
Table 5. Ablation study results
Variant Removed / Subset Micro- Macro- Hamming Interpretation
restricted Accuracy F1 (%) F1 (%) Loss
component (%)
Full Improved Hybrid | None 91.33 96.08 87.81 0.0201 Best overall configuration
SVM
Improved Hybrid Jurisdiction one- 91.33 96.07 87.84 0.0202 Explicit jurisdiction encoding
without Jurisdiction hot encoding adds limited additional gain
Improved Hybrid Character-level TF- | 90.33 95.50 85.86 0.0231 Character features improve
without Character IDF legal-term and subword
TF-IDF representation
India-only Training EU records 86.99 92.45 66.37 0.0314 Tests India-specific model
on India Test removed behavior
EU-only Training on India records 80.90 89.36 71.93 0.0593 Tests EU-specific model
EU Test removed behavior
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Table 6. Jurisdiction-wise performance of the proposed model

November 2026] Volume 05 | Issue 04 | Pages 25-33

Model Subset Micro Micro Micro-F1 | Macro Macro Macro-F1 | Hamming
Accuracy Precision Recall Precision Recall (%) Loss
(%) (%) (%) (%) (%)
Proposed 82.00 84.34 96.10 62.94 89.96 73.00 0.0568
Hybrid - EU
Proposed 75.61 99.34 77.18 78.13 68.28 72.68 0.0493
Hybrid - India

Table 7. Liability assessment distribution by jurisdiction

Jurisdiction Low (%) Moderate (%) High (%)
EU 30.03 33.18 36.79
India 55.83 31.44 12.74

80 1

@
=]

Score (%)

N
S

204 Metric
mmm Subset Accuracy
= Micro F1
mmm Macro F1

Jurisdiction

Figure 4. Jurisdiction-wise performance of the proposed model

As illustrated in Figure 5, EU records were distributed
more evenly across the three liability-relevance categories,
with 36.79% classified as high relevance. In contrast, Indian
records were concentrated in the low-relevance category,
with 55.83% classified as low and only 12.74% classified as
high. This difference may reflect dataset composition and
document structure rather than substantive legal differences
between jurisdictions.

4.6 Statistical significance results

McNemar’s test was used for exact-match correctness,
and the Wilcoxon signed-rank test was used for per-sample
Hamming error. The significance threshold was p<0.05. As
shown in Table 8, the proposed model significantly
outperformed Logistic Regression, Random Forest, baseline
Linear SVM, and the no-character-TF-IDF ablation. However,
the difference between the fully improved model and the
version without jurisdiction encoding was not statistically
significant. This confirms that character-level text
representation contributed more to performance than
explicit jurisdiction encoding in this experiment.

5. Discussion

The results suggest that classical machine-learning
models can recognize signals in legal and regulatory
documents relevant to liability when the task is framed as
multi-label classification.

The best results were achieved by the Improved Hybrid
SVM with word-based TF-IDF, character-based TF-IDF, and
jurisdiction encoding. This indicates that well-designed
sparse textual features can be effective for structured legal
classification tasks, particularly when the target language is a
limited set of liability-signal labels rather than open-ended
legal reasoning. The excellent performance of SVM is
consistent with the structure of the feature space. TF-IDF
results in high-dimensional sparse vectors, and Linear SVM is
well-suited for separating classes in high-dimensional sparse
vector spaces. This is why SVM was better than Logistic
Regression and Random Forest. Random Forest was less
effective due to the limitations of tree-based models with
sparse legal-text features, whereas Logistic Regression was
competitive but less accurate at predicting multi-labels with
high precision. The ablation results explain why feature
design is important. Character-level TF-IDF also improved
performance, since legal texts include technical terms,
statutory expressions, abbreviations, and morphology that
are not fully captured by word-level features. However,
removing explicit jurisdiction encoding did not significantly
impact the improved model. One possible explanation is that
the features at the word and character levels have already
indirectly reflected jurisdiction through legal vocabulary,
legal institutional references, legal language patterns, and
document styles. This is dataset-dependent and should not be
interpreted as evidence that jurisdiction features are
irrelevant to legal Al Jurisdiction-wise performance was
better for EU data than for Indian data. This change is
probably related to the structure of the datasets.
MultiEURLEX contains more standardized EU legal
documents, whereas IndicLegalQA is a question-answer
dataset that may not reflect the structure of statutory and
regulatory liability provisions.

Assessment Level
N Low
50 I Moderate
s High

w s
=3 3

~
S

Percentage of Records (%)

Jurisdiction

Figure 5. Liability assessment level distribution by jurisdiction
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Table 8. Statistical significance tests comparing the best model against alternatives

Compared model McNemar p-value Wilcoxon p-value Significant
Baseline TF-IDF + Logistic Regression 2.576208e-67 3.258245e-68 Yes
Baseline TF-IDF + Linear SVM 0.02652511 0.001109118 Yes
Baseline TF-IDF + Random Forest 6.569423e-35 1.407044e-37 Yes
TF-IDF + Jurisdiction + Logistic Regression 7.798109e-68 6.215103e-69 Yes
Improved Hybrid without Character TF-IDF 0.00160058 5.403282e-05 Yes
Improved Hybrid without Jurisdiction 1.00000000 0.6547208 No

Indian legal texts can also be more interpretive and
context-dependent, making them difficult to classify with
keyword-derived labels and TF-IDF features. The results are
in line with and more focused than the existing legal NLP and
Al-liability literature. Previous legal NLP research indicates
that machine learning can be used to categorize legal
documents and facilitate large-scale access to legal
information [1,3,7]. But most of these works focus on general
legal classification and representation rather than liability-
signal modeling for autonomous systems. Likewise, Al
governance and liability scholarship has focused on
accountability, =~ human  oversight, and risk-based
responsibility [12,14,20], yet it has typically remained
doctrinal or policy-oriented. The present study ties these
strands by operationalizing liability concepts as multi-label
text-classification outputs.

When it comes to using the framework, it should be
viewed as a screening tool and decision support system. For
autonomous vehicle compliance review, a regulator or
developer could input a new EU or Indian regulatory text. The
system would perform pre-processing on the text, classify
liability-relevant labels (e.g., risk, defect, damage, regulation,
liability), assign a low, moderate, or high liability-relevance
level, and mark for human inspection. The path forward is
regulatory text, liability-signal classifier, label output,
relevance score, human legal/compliance review, and
autonomous-system governance action. The output can be
used to pinpoint areas that may need further legal review,
compare regulatory trends across jurisdictions, and prioritize
compliance reviews. It is not meant to be a determination of
legal responsibility or a substitute for legal adjudication.

Several limitations remain. First, the model is based
solely on legal and regulatory text - it does not incorporate
sensor logs, simulation outputs, incident reports, accident
records, or operational data from autonomous systems.
Second, MultiEURLEX and IndicLegalQA were not developed
for autonomous-system liability assessment, and their labels
are rule-based proxies rather than expert-validated liability
annotations. Thirdly, there are validity issues with question-
answer records as they do not necessarily correspond to
liability provisions. Fourth, causation, foreseeability,
negligence, proof of product defect, failure of human
oversight, standards of evidence, and legal context are not
evaluated. Fifth, results are based only on EU and Indian data.
Lastly, TF-IDF and SVM might not capture more intricate
semantic connections that transformer-based legal models
can capture. We plan to further research expert annotation,
extended jurisdictions, actual autonomous-system incident
data, and explainable transformer-based models.

6. Conclusion

This study aimed to address the challenge of identifying
signals of liability in legal and regulatory documents related
to autonomous systems. It suggested an Al classification
model developed on EU and Indian legal datasets, comprising
rule-based liability-label mapping, word-level TF-IDF,
character-level TF-IDF, Jurisdiction encoding, and multi-label
machine learning. The Improved Proposed Hybrid SVM model
achieved the best performance, with 91.33% subset accuracy,
96.08% Micro-F1, 87.81% Macro-F1, and a Hamming Loss of
0.0201 on the held-out test set. The ablation study revealed
that character-level TF-IDF was helpful, and explicit
jurisdiction encoding was helpful to an extent once richer text
features were added. A significant contribution is the
transparent, multi-jurisdictional classification of liability-
related signals in legal texts from the EU and India. It can help
regulators, compliance teams, researchers, and autonomous-
system developers pinpoint legal materials that need a closer
look. But the framework is only applicable to text-based legal
information and does not include liability annotations from
experts; it applies rule-based proxy annotations. It does not
assess autonomous-system behavior, causation,
foreseeability, human oversight, or evidentiary standards.
Thus, it should be used only as a tool for decision-making, not
as a replacement for legal adjudication or expert
interpretation. Going forward, datasets labeled by experts
should be used, along with more jurisdictions, legal models
based on transformers, explainable deep learning, and real-
life information from autonomous systems such as incident
reports, simulations, and operational logs.
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