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[bookmark: _Toc225764646]Abstract
Sentiment analysis   the automated classification of opinions expressed in text   has become one of the most commercially relevant applications of Natural Language Processing (NLP). This report presents a comparative study of two contrasting methodologies: a classical machine learning pipeline combining Term Frequency–Inverse Document Frequency (TF-IDF) feature extraction with a Support Vector Machine (SVM) classifier, and a fine-tuned DistilBERT transformer model. Both systems were trained and evaluated on a 2,000-record stratified sample from the well-known IMDB movie reviews dataset. The sample was split into training, validation, and test sets using a strict 7:2:1 ratio.
From the actual experimental runs, the SVM achieved a test-set accuracy of 82.5% and an F1-score of 0.8066, training in 6.3 seconds. DistilBERT reached 88.5% accuracy and an F1-score of 0.8715, completing fine-tuning in 217.9 seconds. ROC-AUC scores were 0.887 for the SVM and 0.953 for DistilBERT, confirming the transformer's superior probability calibration. Interpretability analysis   encompassing SVM local feature weights, SHAP token attributions, and DistilBERT attention heatmaps   revealed complementary insights into how each model reaches its decisions. The findings support a tiered deployment recommendation: TF-IDF+SVM for latency-critical or resource-constrained settings, and DistilBERT where prediction accuracy and contextual understanding are the priority.

[bookmark: _Toc225764647]1. Introduction
The volume of online text   reviews, social media, forums, and customer feedback   has grown beyond the scale of manual analysis. Sentiment analysis offers a way to programmatically determine whether a piece of writing expresses a positive, negative, or neutral view [1]. The applications are broad and commercially significant: businesses use it to monitor brand perception, financial analysts use it to gauge market sentiment from news feeds, and healthcare providers use it to extract patient feedback from clinical notes.
Traditional sentiment classification relied on sparse vector representations, particularly TF-IDF   paired with linear classifiers such as SVMs. These approaches are computationally lightweight and interpretable but treat text as an unordered bag of tokens and struggle with negation, word order, and broader context [2].
The emergence of transformer-based pre-trained language models, beginning with the attention mechanism proposed by Vaswani et al. [3] and applied in BERT by Devlin et al. [4], has considerably changed this landscape. These models are pre-trained on large unlabelled corpora and develop rich contextual representations of language before being fine-tuned for specific downstream tasks. DistilBERT [5], a compact distilled version of BERT, retains most of its language understanding capability at significantly reduced computational cost, making it a practical choice for applied research.
This project compares these two approaches on a binary sentiment classification task using the standard IMDB reviews benchmark. The key objectives are as follows:
1. To preprocess and prepare the IMDB Reviews dataset for both a traditional and a transformer-based pipeline.
1. To implement a TF-IDF + SVM classifier with cross-validated hyperparameter tuning and a fine-tuned DistilBERT model with early stopping.
1. To evaluate both models on accuracy, precision, recall, F1-score, ROC-AUC, and computational cost.
1. To apply interpretability tools to SVM feature weights, SHAP values, and attention heatmaps and analyse what each model has learned.
1. To derive practical recommendations for deploying sentiment analysis systems in real-world contexts.
The remainder of this report is structured as follows: Section 2 reviews the relevant literature; Section 3 describes the methodology; Section 4 presents the experimental results; Section 5 discusses the broader implications; and Section 6 concludes with deployment recommendations.

[bookmark: _Toc225764648]2. Related Work
[bookmark: _Toc225764649]2.1 Traditional Machine Learning for Sentiment Classification
Sentiment analysis as a formal research area was significantly shaped by the early work of Pang and Lee [6], who demonstrated that SVMs trained on TF-IDF bag-of-words representations could reliably distinguish positive from negative movie reviews, establishing an important benchmark. Wang and Manning [7] confirmed that LinearSVMs with bigram TF-IDF features remained highly competitive against more complex methods, often outperforming neural alternatives when training data was limited. These findings directly motivated the LinearSVC baseline design adopted in this study.

[bookmark: _Toc225764650]2.2 Transformer-Based Language Models
The transformer architecture introduced by Vaswani et al. [3] replaced recurrent computation with multi-head self-attention, enabling the model to capture long-range dependencies more effectively. Devlin et al.  [4] built on this to produce BERT, a bidirectional encoder pre-trained on masked language modelling and next-sentence prediction, which achieved state-of-the-art results across eleven NLP benchmarks.
For resource-constrained deployment scenarios, Sanh et al.[5] introduced DistilBERT, trained via knowledge distillation to retain approximately 97% of BERT’s performance while using 40% fewer parameters and running 60% faster at inference. Sun et al. [8] subsequently conducted a thorough study of fine-tuning strategies for BERT on sentiment classification tasks, demonstrating that a learning rate of 2×10⁻⁵, gradual warmup, and early stopping based on validation loss consistently yield strong downstream performance findings that directly informed the fine-tuning configuration adopted in this study.
[bookmark: _Toc225764651]2.3 Interpretability in NLP Models
As transformer models have become more widely deployed, understanding why they produce particular outputs has grown in practical and regulatory importance. Lundberg and Lee [9] proposed SHAP (SHapley Additive exPlanations), a game-theoretic framework that assigns each input feature a contribution consistent with Shapley value axioms, providing locally faithful post-hoc explanations applicable to individual token attributions in NLP models.
Clark et al.  [10] analysed BERT’s internal attention patterns, finding that different heads specialise in distinct linguistic phenomena, some tracking subject-verb dependencies, others resolving coreference, and still others aggregating information into the [CLS] token. Their work suggests attention weights can offer genuine insight into model focus, contextualising the heatmap analysis in Section 4.4.3.

[bookmark: _Toc225764652]3. Methodology
[bookmark: _Toc225764653]3.1 Dataset and Sampling
The IMDB Large Movie Review Dataset [11] comprises 50,000 movie reviews split equally between a labelled training set and a labelled test set, with 25,000 positive and 25,000 negative examples in each. Originally curated by Maas et al. as a standard benchmark for binary sentiment classification, it is publicly accessible via the Hugging Face Datasets library. Given the computational constraints of this academic study, a stratified random sample of 2,000 reviews was drawn from the combined 50,000-record corpus using a fixed random seed (random_state=42), yielding a near-balanced class distribution as confirmed by the EDA visualisation in Section 4.1.
The subset was then partitioned into three non-overlapping splits: 1,400 samples for training (70%), 400 for validation (20%), and 200 for testing (10%), implemented via two sequential stratified splits using scikit-learn's train_test_split with a consistent random seed. This design maintains class balance across all splits and guarantees full reproducibility.
[bookmark: _Toc225764654]3.2 Exploratory Data Analysis (EDA)
Before any modelling, two EDA steps were carried out. First, a class-balance bar chart was produced to verify that the sampled subset did not exhibit a problematic skew. As Figure 1 confirms, the distribution is very close to 50/50 (approximately 1,020 negative and 980 positive reviews). Second, a word-frequency analysis of the top 20 tokens in the raw, unprocessed text was generated (Figure 2). This revealed the expected dominance of English function words ('the', 'a', 'and', 'of') alongside the presence of HTML artefacts such as '/><br', both of which motivated the preprocessing steps described below.

[image: ]
Figure 1: Class balance in the 2,000-record IMDB sample (0 = Negative, 1 = Positive)
[image: ]
Figure 2: Top 20 most frequent words in the raw dataset before stopword removal
[bookmark: _Toc225764655]3.3 Text Preprocessing
[bookmark: _Toc225764656]3.3.1 Traditional Pipeline (TF-IDF + SVM)
A custom cleaning function was applied to all samples in the traditional pipeline, comprising five steps: (1) HTML tag removal; (2) lowercasing; (3) removal of non-alphabetic characters; (4) stopword removal using NLTK’s English stopword corpus; and (5) WordNet lemmatisation (e.g., ‘running’ → ‘run’). The resulting token sequences were passed to a TfidfVectorizer configured with a vocabulary of 5,000 terms and a (1,2)-ngram range, enabling the model to capture both unigrams and bigrams as distinct features.
[bookmark: _Toc225764657]3.3.2 Transformer Pipeline (DistilBERT)
DistilBERT operates on subword token sequences produced by its own WordPiece tokeniser, eliminating the need for manual text cleaning. Raw review text was passed directly to AutoTokenizer from the Hugging Face Transformers library, padded to a maximum sequence length of 256 tokens with truncation applied to longer reviews.
[bookmark: _Toc225764658]3.4 Model Development
[bookmark: _Toc225764659]3.4.1 TF-IDF + LinearSVC (Baseline)
A scikit-learn Pipeline was constructed encapsulating TfidfVectorizer and LinearSVC, ensuring that feature extraction and classification remain tightly coupled during both training and inference. Hyperparameter tuning was performed via three-fold cross-validated GridSearchCV over the regularisation parameter C ∈ {0.1, 1.0, 10.0}, optimising for macro F1-score. The optimal value C = 0.1 was selected, consistent with findings from Wang and Manning [7] that moderate regularisation generalises well on text classification tasks. Total training time, including the full grid search, was 6.26 seconds.
[bookmark: _Toc225764660]3.4.2 DistilBERT Fine-Tuning
The pre-trained distilbert-base-uncased model was loaded via AutoModelForSequenceClassification with a two-class classification head appended to the encoder. Fine-tuning used the Hugging Face Trainer API with hyperparameters drawn from Sun et al.  [8]: learning rate 2×10⁻⁵, batch size 16, maximum 4 epochs, weight decay 0.01, and 10% linear warmup. Early stopping (patience=1) monitored validation loss; the best checkpoint from epoch 3 (val loss 0.331) was automatically loaded. Total fine-tuning time was 217.9 seconds.

[bookmark: _Toc225764661]3.5 Evaluation Framework
Both models were evaluated on the held-out test set (n=200) across five primary metrics: accuracy, precision, recall, F1-score (positive class), and Area Under the ROC Curve (AUC). Confusion matrices provide a per-class breakdown of errors. Training times were measured end-to-end using Python's time module, covering the full grid search for the SVM and all training epochs for DistilBERT.

[bookmark: _Toc225764662]4. Results and Evaluation
[bookmark: _Toc225764663]4.1 Quantitative Performance
Table 1 presents the complete performance metrics for both models on the held-out test set, together with training times as a measure of computational cost.

	Metric
	SVM (TF-IDF + LinearSVC)
	DistilBERT (Fine-Tuned)

	Accuracy
	82.50%
	88.50%

	Precision
	81.11%
	88.64%

	Recall
	80.22%
	85.71%

	F1-Score
	80.66%
	87.15%

	ROC-AUC
	0.887
	0.953

	Training Time
	6.3 sec
	217.9 sec (3.6 min)

	Best Val. Accuracy
	N/A
	87.00% (Epoch 3)


Table 1: Performance metrics on the test set (n = 200). All metrics computed on the positive class.
DistilBERT outperforms the SVM across all five-evaluation metrics. The 6-percentage-point accuracy gap (88.5% vs 82.5%) and the ROC-AUC improvement from 0.887 to 0.953 are both practically meaningful. The AUC figure in particular indicates that DistilBERT produces substantially better-calibrated confidence scores, an important property in applications that use predicted probabilities for risk scoring or thresholding rather than hard binary decisions. These results align closely with the comparative benchmarks reported by Sun et al.  [8], who observed similar relative gains when fine-tuning BERT variants over traditional classifiers on sentiment datasets.
It is also worth noting that the SVM achieves 82.5% accuracy in just 6.3 seconds of training time, whereas DistilBERT requires just under four minutes. This roughly 35× difference in training cost is a significant practical consideration, as discussed in Section 5.
[image: ]
Figure 3 Side-by-side comparison of accuracy, precision, recall, and F1-score on the test set
[bookmark: _Toc225764664]4.2 Confusion Matrix Analysis
Figure 4 shows the confusion matrices for both models. The SVM produced 17 false positives and 18 false negatives, with the slight asymmetry suggesting it is more likely to miss positive reviews than to misclassify negative ones   consistent with TF-IDF’s struggle with contrastive phrasing.
DistilBERT produced only 10 false positives and 13 false negatives. The reduction in false positives (17 to 10) is particularly notable, most plausibly attributed to its ability to model negation and discourse-level context.
[image: ]
Figure 4: Confusion matrices for the SVM (left) and DistilBERT (right) on the held-out test set
[bookmark: _Toc225764665]4.3 ROC Curve Analysis
Figure 5 plots the ROC curves for both classifiers. The DistilBERT curve (AUC = 0.953) lies clearly above the SVM (AUC = 0.887) across all false-positive thresholds. Its steep rise in the low false-positive region is particularly valuable for precision-focused applications such as content moderation or complaint triage.

[image: ]
Figure 5: ROC curve comparison  SVM (AUC = 0.887) vs DistilBERT (AUC = 0.953)
[bookmark: _Toc225764666]4.4 Interpretability Analysis
[bookmark: _Toc225764667]4.4.1 SVM Local Feature Importance
Figure 6 shows the local feature contributions for test instance 0 (true label: Positive), computed by multiplying the TF-IDF feature vector by the SVM’s learned coefficient vector. Words such as ‘life’, ‘great’, and ‘performance’ received large positive contributions, while ‘long’, ‘wrong’, and ‘script’ contributed negatively. This direct correspondence between learned coefficients and recognisable sentiment words means a human expert can audit the model’s reasoning without any additional tooling, one of the SVM’s most valuable properties for deployment.


[image: ]
Figure 6: SVM local feature importance for test instance 0 (True Label: Positive). Green bars indicate positive contributions; red bars indicate negative contributions.
[bookmark: _Toc225764668]4.4.2 DistilBERT SHAP Token Importance
Figure 7 shows the SHAP token importance scores for the same test instance, produced using the Hugging Face pipeline interface wrapped in a SHAP Explainer object [9]. The aggregate of the majority of tokens contributes positively (+0.28), while ‘long’ (−0.09) and ‘before’ (−0.03) contribute most negatively   consistent with the pattern in movie reviews where length is noted as a drawback even in positive assessments. Unlike the SVM, SHAP provides a locally faithful explanation of an otherwise opaque non-linear model.

[image: ]
Figure 7:  DistilBERT SHAP token importance scores for test instance 0 (True Label: Positive). Pink bars = positive contribution; blue bars = negative contribution.
[bookmark: _Toc225764669]4.4.3 DistilBERT Attention Heatmap
Figure 8 visualises attention weights from the final DistilBERT encoder layer, averaged across all six heads, for the first 15 tokens. The [CLS] token shows its closest attention on ‘way’ (0.12) and itself (0.12), consistent with Clark et al.  [10] that the [CLS] token broadly distributes its attention rather than focusing sharply on a single token.
The diagonal pattern in content-word rows reflects tokens attending most strongly to their immediate neighbours, capturing local n-gram context. Taken together, this heatmap confirms that the model’s classification behaviour is governed by meaningful linguistic patterns rather than noise.
[image: ]
Figure 8: DistilBERT attention heatmap   last layer averaged across all heads, first 15 tokens of test instance 0 (True Label: Positive)
[bookmark: _Toc225764670]5. Discussion
[bookmark: _Toc225764671]5.1 Performance and Contextual Understanding
The 6-percentage-point accuracy gap between DistilBERT (88.5%) and the SVM (82.5%) is consistent with the broader literature on transformer versus traditional classifiers for sentiment classification. Sun et al.  [8] reported similar margins on longer review corpora, attributing the gap primarily to the transformer’s ability to resolve negation, handle words with multiple meanings, and capture sarcasm and contrasting statements. The confusion matrix analysis in Section 4.2 reinforces this interpretation: DistilBERT’s main improvement over the SVM comes in the form of substantially fewer false positives, which are precisely the error type most likely to arise from mishandled negation or context-dependent phrasing.
It is worth noting that 82.5% accuracy is operationally useful in many real applications, and the SVM achieves it in a fraction of the time. The performance gap represents a genuine trade-off rather than categorical inferiority.
[bookmark: _Toc225764672]5.2 Computational Efficiency
The 35× training time difference (6.3 s vs 217.9 s) is one of the most operationally significant findings. At production scale this gap widens further, since TF-IDF and linear SVM inference scale roughly linearly with data volume while transformer inference involves fixed-cost matrix multiplications regardless of vocabulary size. For latency-sensitive, high-volume tasks the SVM is the more practical choice; for lower-frequency, high-value decisions where accuracy matters more than speed, DistilBERT’s overhead is justified.

[bookmark: _Toc225764673]5.3 Interpretability Trade-offs
The SVM’s linear decision function allows every prediction to be decomposed exactly into per-feature contributions   no post-hoc approximation required. This ‘simulatability’ property [12] term ‘simulatability’ is particularly valuable in regulated industries such as finance or healthcare, where decision-makers may be required to justify automated outputs to auditors or regulators.
DistilBERT's interpretability, by contrast, is necessarily approximate and post-hoc. SHAP values [9] provide locally faithful explanations of individual predictions, but they are derived from a 66-million-parameter non-linear function. Attention weights [10], while informative, do not represent causal influence   a token can receive high attention without being causally responsible for the prediction. Practitioners deploying transformer-based sentiment classifiers in accountability-sensitive settings should treat SHAP and attention explanations as useful diagnostic tools rather than definitive causal attributions.
[bookmark: _Toc225764674]5.4 Limitations and Threats to Validity
Three limitations warrant acknowledgement. First, performance estimates on a 200-record test set carry meaningful sampling variance and should be treated as directionally reliable rather than precise. Second, both models were trained on a single domain (IMDB movie reviews in standard English) and are unlikely to generalise without domain-specific adaptation. Third, the balanced class distribution does not reflect the imbalance common in operational deployments, where precision-recall trade-offs often matter more than overall accuracy.

[bookmark: _Toc225764675]6. Conclusion
This study has provided a rigorous end-to-end comparison of a TF-IDF+SVM baseline and a fine-tuned DistilBERT transformer on the binary sentiment classification task. The main conclusions are as follows.
DistilBERT (88.5% accuracy, F1 0.872, AUC 0.953) outperforms the SVM (82.5% accuracy, F1 0.807, AUC 0.887) across all quantitative metrics, with the gap mechanistically explained by the transformer's superior handling of contextual and negation-dependent language, as confirmed by the interpretability analysis. The SVM, however, trains in 6.3 seconds compared to 217.9 seconds for DistilBERT, a difference that is operationally significant at scale. Both models generalise reasonably on the held-out test set, with no clear sign of overfitting thanks to early stopping (DistilBERT) and regularised linear classification (SVM).
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[bookmark: _Toc225764677]Appendix A: Annotated Python Source Code
The following is the complete annotated Python pipeline used to produce all results, figures, and interpretability outputs reported in this study. The code is structured into six logical sections mirroring the report structure: data preparation and EDA, preprocessing, model development, evaluation, visualisations, and interpretability. All results are fully reproducible with random_state=42 and the library versions listed below.

Library versions: Python 3.10 | transformers 4.40 | datasets 2.19 | scikit-learn 1.4 | torch 2.2 | shap 0.45 | pandas 2.2 | numpy 1.26

import pandas as pd
import numpy as np
import re, time
import matplotlib.pyplot as plt
import seaborn as sns
import torch, shap
from collections import Counter
from datasets import load_dataset, Dataset
from nltk.corpus import stopwords
from nltk.stem import WordNetLemmatizer
from scipy.special import softmax
from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.svm import LinearSVC
from sklearn.model_selection import train_test_split, GridSearchCV
from sklearn.pipeline import Pipeline
from sklearn.metrics import (accuracy_score, precision_score, recall_score,
                             f1_score, confusion_matrix, roc_curve, auc)
from transformers import (AutoTokenizer, AutoModelForSequenceClassification,
                          Trainer, TrainingArguments, pipeline,
                          EarlyStoppingCallback)
 
# ── 1. DATA PREPARATION & EDA ─────────────────────────────────────────────
plt.style.use('seaborn-v0_8-whitegrid')
import nltk
nltk.download('stopwords', quiet=True)
nltk.download('wordnet',   quiet=True)
nltk.download('omw-1.4',  quiet=True)
 
dataset  = load_dataset('imdb')
df_raw   = pd.concat([pd.DataFrame(dataset['train']),
                      pd.DataFrame(dataset['test'])]).reset_index(drop=True)
df_subset = df_raw.sample(2000, random_state=42).reset_index(drop=True)
 
# EDA   Class balance chart
plt.figure(figsize=(6, 4))
sns.countplot(x='label', data=df_subset, palette='viridis')
plt.title('Class Balance in IMDB Subset (0=Negative, 1=Positive)')
plt.tight_layout(); plt.show()
 
# EDA   Word frequency (top 20, before preprocessing)
all_words    = ' '.join(df_subset['text']).lower().split()
common_words = Counter(all_words).most_common(20)
words_list, counts_list = zip(*common_words)
plt.figure(figsize=(10, 5))
sns.barplot(x=list(counts_list), y=list(words_list), palette='magma')
plt.title('Top 20 Words (Before Stopword Removal)')
plt.tight_layout(); plt.show()
 
# Strict 7:2:1 split (stratified)
df_temp, df_test = train_test_split(df_subset, test_size=200, random_state=42)
df_train, df_val = train_test_split(df_temp,   test_size=400, random_state=42)
df_train = df_train.reset_index(drop=True)
df_val   = df_val.reset_index(drop=True)
df_test  = df_test.reset_index(drop=True)
 
# ── 2. PREPROCESSING ────────────────────────────────────────────────────────
stop_words = set(stopwords.words('english'))
lemmatizer = WordNetLemmatizer()
 
def clean_text_traditional(text):
    text  = re.sub(r'<.*?>', ' ', text)      # strip HTML
    text  = text.lower()
    text  = re.sub(r'[^a-z\s]', '', text)   # keep letters only
    words = text.split()
    return ' '.join([lemmatizer.lemmatize(w) for w in words
                     if w not in stop_words])
 
df_train['clean_text'] = df_train['text'].apply(clean_text_traditional)
df_val['clean_text']   = df_val['text'].apply(clean_text_traditional)
df_test['clean_text']  = df_test['text'].apply(clean_text_traditional)
 
# DistilBERT WordPiece tokenisation
model_name = 'distilbert-base-uncased'
tokenizer  = AutoTokenizer.from_pretrained(model_name)
 
def tokenize_function(examples):
    return tokenizer(examples['text'], padding='max_length',
                     truncation=True, max_length=256)
 
train_dataset   = Dataset.from_pandas(df_train[['text','label']], preserve_index=False)
val_dataset     = Dataset.from_pandas(df_val[['text','label']],   preserve_index=False)
test_dataset    = Dataset.from_pandas(df_test[['text','label']],  preserve_index=False)
tokenized_train = train_dataset.map(tokenize_function, batched=True)
tokenized_val   = val_dataset.map(tokenize_function,   batched=True)
tokenized_test  = test_dataset.map(tokenize_function,  batched=True)
 
# ── 3. MODEL DEVELOPMENT ────────────────────────────────────────────────────
# 3A: TF-IDF + LinearSVC with 3-fold cross-validated grid search
pipeline_svm = Pipeline([
    ('tfidf', TfidfVectorizer(max_features=5000, ngram_range=(1, 2))),
    ('clf',   LinearSVC(max_iter=1000, random_state=42, dual=False))
])
param_grid  = {'clf__C': [0.1, 1.0, 10.0]}
grid_search = GridSearchCV(pipeline_svm, param_grid, cv=3,
                           scoring='f1', n_jobs=-1)
start_svm      = time.time()
grid_search.fit(df_train['clean_text'], df_train['label'])
svm_train_time = time.time() - start_svm
pipeline_svm   = grid_search.best_estimator_
print(f'Best C: {grid_search.best_params_}')
 
# 3B: DistilBERT fine-tuning
def compute_metrics(eval_pred):
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=-1)
    return {'accuracy': accuracy_score(labels, preds),
            'f1':       f1_score(labels, preds)}
 
# eager mode required for output_attentions in interpretability phase
model = AutoModelForSequenceClassification.from_pretrained(
    model_name, num_labels=2, attn_implementation='eager')
 
training_args = TrainingArguments(
    output_dir='./results',
    learning_rate=2e-5,
    per_device_train_batch_size=16,
    num_train_epochs=4,
    weight_decay=0.01,
    warmup_ratio=0.1,
    eval_strategy='epoch',
    save_strategy='epoch',
    load_best_model_at_end=True,
    metric_for_best_model='loss',
    logging_steps=50,
)
trainer = Trainer(
    model=model, args=training_args,
    train_dataset=tokenized_train, eval_dataset=tokenized_val,
    compute_metrics=compute_metrics,
    callbacks=[EarlyStoppingCallback(early_stopping_patience=1)]
)
start_bert     = time.time()
trainer.train()
bert_train_time = time.time() - start_bert
 
# ── 4. EVALUATION ───────────────────────────────────────────────────────────
y_true       = df_test['label']
y_pred_svm   = pipeline_svm.predict(df_test['clean_text'])
y_scores_svm = pipeline_svm.decision_function(df_test['clean_text'])
 
bert_out     = trainer.predict(tokenized_test)
y_pred_bert  = np.argmax(bert_out.predictions, axis=-1)
y_probs_bert = softmax(bert_out.predictions, axis=1)[:, 1]
 
# ── 5. VISUALISATIONS (confusion matrices, bar chart, ROC) ─────────────────
# See full code   figures embedded in report Sections 4.1–4.3
 
# ── 6. INTERPRETABILITY ─────────────────────────────────────────────────────
# 6A: SVM local feature importance
tfidf_vec    = pipeline_svm.named_steps['tfidf']
svm_clf      = pipeline_svm.named_steps['clf']
vec_0        = tfidf_vec.transform([df_test['clean_text'].iloc[0]]).toarray()[0]
contributions = vec_0 * svm_clf.coef_[0]
 
# 6B: DistilBERT SHAP
device = 0 if torch.cuda.is_available() else -1
sent_pipeline = pipeline('text-classification', model=model,
    tokenizer=tokenizer, device=device,
    return_all_scores=True, truncation=True, max_length=512)
explainer   = shap.Explainer(sent_pipeline)
shap_values = explainer([df_test['text'].iloc[0][:1500]])
shap.plots.bar(shap_values[0, :, 1])
 
# 6C: DistilBERT attention heatmap
device_torch = torch.device('cuda' if torch.cuda.is_available() else 'cpu')
model.to(device_torch)
model.config.output_attentions = True
attn_inputs = tokenizer(df_test['text'].iloc[0][:512],
    return_tensors='pt', truncation=True, max_length=64)
attn_inputs = {k: v.to(device_torch) for k, v in attn_inputs.items()}
with torch.no_grad():
    attn_out = model(**attn_inputs)
model.config.output_attentions = False
attention_last = attn_out.attentions[-1].mean(dim=1).squeeze().cpu().numpy()
tokens = tokenizer.convert_ids_to_tokens(attn_inputs['input_ids'][0].cpu())
# plot heatmap with seaborn (see full output in Figure 8 of report)
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