Supplementary materials

· Electronic supplementary material
To determine the effect of features that were removed by the 256-token truncation limit, we ran a preliminary KernelSHAP on a random stratified subset of 500 validation data samples that we took from the 5-folds of cross-validations for CaseHOLD.
In each instance, SHAP values were computed for all tokens in the input to the model at (original, un-truncated) length. For any tokens beyond length position 256, we called them 'excluded peripheral tokens'. They contributed a mean absolute SHAP value of 0.018 ± 0.003. In contrast, the set of expert-labelled n-gams that was (correctly) interpreted as legally determinative by 3 legal experts contributes a mean absolute SHAP value of 0.41 ± 0.05.
This separation serves to validate the truncation scheme at 256 tokens where almost the entire informative signal remains and only tiny, procedural contents are filtered away. The full distribution of SHAP magnitudes between excluded and non-excluded tokens can be achieved by requesting from the corresponding authors.

Table S1. Complete hyperparameter configuration of the base TextCNN architecture (adapted from kim, 2014, with legal-domain modifications)
	Parameter
	Value
	Source / Justification

	Embedding dimension
	300
	Legal-domain Word2Vec (Section 3.1)

	Sequence length (max)
	256
	Empirical 98.7 % coverage of determinative content

	Kernel sizes
	3, 4, 5
	Restricted to ≤ 7 tokens (jurisprudential constraint)

	Number of filters per kernel size
	128
	Sensitivity range 100–160; chosen for capacity vs. overfitting

	Pooling
	Max-over-time
	Produces sparse, high-magnitude activations suitable for SHAP

	Fully-connected hidden units
	256
	Standard TextCNN design

	Dropout rate
	0.5
	Empirically optimal on CaseHOLD (see Figure 9C)

	Embedding fine-tuning learning rate
	
	One order of magnitude lower than convolutional layers

	Convolutional / dense learning rate
	
	Adam optimizer

	Batch size
	64
	Hardware-constrained (NVIDIA V100)

	Activation (convolution)
	ReLU
	Standard

	Output activation
	Softmax (5 classes)
	Multi-class holding classification

	Loss function
	Categorical cross-entropy
	-

	L2 regularization (dense layer)
	
	Mild weight decay

	Random seed
	42 (all folds)
	Reproducibility




Table S2. Quantitative model-agnostic interpretability metrics (Test Set, n = 5,340)
	Model
	Comprehensiveness ()
	Sufficiency ()
	AOPC

	USCO-TextCNN
	0.42 ± 0.03
	0.81 ± 0.04
	0.39 ± 0.02

	Legal-BERT
	0.28 ± 0.04
	0.63 ± 0.05
	0.26 ± 0.03

	PSO-CNN
	0.35 ± 0.03
	0.72 ± 0.04
	0.32 ± 0.02

	Vanilla TextCNN
	0.31 ± 0.04
	0.68 ± 0.05
	0.29 ± 0.03



The metrics were computed using the top-k features based on the absolute SHAP value, varying k from 1 to 20. Values are presented as the mean standard deviation across the five cross-validation folds. 
1) Comprehensiveness: decrease in the predicted probability of the correct class upon removing the top-k features. 
2) Sufficiency: increase in the probability retained when only using the top-k features. 
3) Area Over the Perturbation Curve (AOPC): accounts for the trade-off between comprehensiveness and sufficiency over all values of k. 
All values higher represent a more faithful and parsimonious explanation. Our USCO-TextCNN significantly outperforms the baselines in all aspects due to its n-gram-constrained filters for selecting legally discriminative fragments.

Table S3. Zero-shot and fine-tuned performance on external legal NLP benchmarks
	Dataset
	Task
	Metric
	USCO-TextCNN (Zero-shot)
	USCO-TextCNN (Fine-tuned)
	Legal-BERT (Fine-tuned)

	EUR-Lex (19 800 docs)
	Multi-label topic classification (21 Eurovoc)
	Micro-F1
	71.3 ± 0.8
	78.9 ± 0.6
	80.2 ± 0.5

	COLIEE 2023 (2 840 pairs)
	Binary case relevance (Japanese civil law, English translation)
	Accuracy
	68.4 ± 1.1
	79.1 ± 0.9
	82.5 ± 0.7



Architecture and hyperparameters of USCO-TextCNN were held the same as what was tuned for CaseHOLD. Only the very final classification layer was fine-tuned when it was specified. Legal-BERT result is added for comparison under the same conditions.  We can see that fine-tuned USCO-TextCNN on EUR-Lex did not perform significantly worse than Legal-BERT (p-value=0.07 based on t-test on five random splits of folded training) and also performed favorably on the COLIEE test set although with domain and language shifts. 


