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1 |Introduction 

Fake-news detection is commonly framed as a supervised text-classification task, and many systems report 

near-perfect performance on established benchmarks. Such scores are useful for comparing models under a 

fixed experimental split, but they do not necessarily show that a model has learned to distinguish factual from 

false information. When publisher identity, editorial style, data-collection procedures, or topic distributions 

are correlated with the class labels, a classifier can exploit those patterns as shortcuts. Zhou et al. [1], for 

example, showed that source overlap in unreliable-news datasets can encourage source-label memorization 

and that source-disjoint evaluation may reduce accuracy by more than 10 percentage points. More recent 
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Very high scores on fake-news benchmarks can be misleading when artifacts introduced during dataset construction 

are strongly tied to the class labels. This study presents SCAR-FND, a source-confound-aware auditing framework 

that identifies label-associated lexical shortcuts from training data and then measures how strongly a classifier depends 

on them. The ISOT corpus initially contained 44,898 articles. After removing 5,798 exact normalized duplicates, 

39,100 unique articles remained (21,195 real and 17,905 fake). As a simple dataset diagnostic, the presence of Reuters 

alone classified 99.37% of the cleaned corpus correctly; Reuters appeared in 99.82% of real articles but only 1.17% of 

fake articles. A TF-IDF/XGBoost baseline achieved 99.69% accuracy (F1 99.66%; MCC 0.9938), whereas masking 

explicit Reuters/source cues reduced accuracy to 97.86%. Candidate shortcuts were then ranked on the training split 

using the absolute difference in class-conditional document frequency. Reuters was automatically ranked first, with a 

leakage score of 0.9865. Removing the top 100 shortcut tokens, together with any TF-IDF unigram or bigram 

containing them, reduced accuracy to 93.76%, F1 to 92.99%, and MCC to 0.8749. By comparison, matched random 

removal of the same 811 TF-IDF features across three repetitions preserved a mean accuracy of 99.68%, producing 

a targeted-ablation gap of 5.92 percentage points. These findings indicate that ISOT contains a small but highly 

predictive set of lexical, source, editorial, and stylistic cues. SCAR-FND therefore complements conventional accuracy 

reporting with a transparent audit of what information the classifier is using. 
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analyses have reached a similar conclusion across fake-news corpora, including ISOT, where dataset-specific 

content and label distributions complicate claims of generalizability [2]. 

ISOT provides a particularly clear setting in which to examine this problem because it is large, frequently 

used, and unusually easy to separate. According to the dataset description, truthful articles were collected 

from legitimate news outlets, whereas fake articles were drawn from sources identified as unreliable [3]. That 

collection strategy can itself introduce provenance signals. Indeed, a 2026 working paper showed that Reuters 

is an extreme confound in ISOT and that a simple rule based on Reuters provenance classifies almost the 

entire corpus [4]. For that reason, the present work does not treat the Reuters observation as a new discovery. 

Instead, Reuters serves as a diagnostic starting point for a broader question: is predictive performance 

concentrated in a small set of lexical shortcuts, and does removing those shortcuts hurt the model more than 

removing the same amount of ordinary feature space? 

SCAR-FND was designed to answer that question through three linked steps: training-only shortcut ranking, 

progressive feature ablation, and a matched random-ablation control. The approach draws on the wider 

shortcut-learning literature, which distinguishes occurrence-, style-, and concept-level shortcuts [5] and has 

proposed automatic methods for discovering dataset-specific shortcuts [6]. We deliberately use an 

interpretable sparse pipeline based on document-frequency statistics, TF-IDF, and XGBoost so that the 

relationship between the identified cues and subsequent performance changes can be inspected directly. A 

higher-capacity transformer could achieve strong classification performance, but it would make this particular 

audit harder to interpret. 

1.1 |Research Questions and Contributions 

Four research questions guide the study. RQ1 examines whether a single, easily recognized source cue can 

almost determine the ISOT label. RQ2 asks which lexical cues are most strongly associated with the labels 

when the ranking is learned only from the training data. RQ3 measures how model performance changes as 

increasingly large sets of the strongest cues are removed. RQ4 compares that targeted degradation with the 

effect of removing an equal number of randomly selected TF-IDF features. 

Accordingly, the contribution of SCAR-FND is not another claim of record classification accuracy. Its 

contribution is an auditable shortcut-sensitivity protocol that combines four elements: a simple 

dataset/source diagnostic, a training-only lexical leakage score, progressive top-K removal of affected 

unigrams and bigrams, and a matched random-ablation control. Taken together, these components reveal 

whether benchmark performance is broadly distributed across the feature space or disproportionately 

concentrated in a small set of highly label-associated cues. 

2 |Related Work 

2.1 |Dataset Bias and Shortcut Learning 

Shortcut learning is a broader problem in text classification, where spurious correlations can support excellent 

in-domain performance yet fail under distribution shift [7, 8]. Wang and Culotta [8] treated the separation of 

genuine and spurious lexical correlations as a robustness problem, while Liusie et al. [7] showed that even 

apparently non-semantic lexical material can carry useful class information. Friedman et al. [6] highlighted the 

difficulty of discovering shortcuts automatically and used grammar induction to expose higher-level dataset 

regularities. Zhou et al. [5] later organized shortcut behavior into occurrence, style, and concept categories. 

Collectively, this work suggests that highly predictive surface cues should be audited rather than assumed to 

represent task-relevant evidence. 

2.2 |Bias in Fake-news Benchmarks 

Bias in fake-news benchmarks has been documented from several complementary perspectives. Zhou et al. 

[1] showed that selection artifacts and source overlap can materially inflate performance on unreliable-news 
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datasets. Kishi et al. [2] examined several fake-news corpora, including ISOT, and found that results depend 

strongly on dataset-specific distributions and on whether evaluation is performed within a dataset or across 

datasets. More recently, Apenteng [4] focused specifically on ISOT and quantified the causal importance of 

Reuters provenance. SCAR-FND therefore treats Reuters as an established diagnostic rather than a novel 

finding. The extension proposed here is to rank a wider set of label-associated lexical features automatically 

and then test whether targeted removal has a larger effect than matched random feature removal. 

2.3 |Fake-news Detection and Debiasing 

Optimization-based approaches have also been widely explored in fake-news detection. Abd El-Mageed et al. 

[9] combined African Vultures Optimization, Aquila Optimization, Relief feature filtering, GloVe 

representations, and Xgb-Tree classification, while Sheikhi [10] coupled a Whale Optimization Algorithm 

with XGBoost and content-based features. These methods aim primarily to improve predictive performance. 

SCAR-FND addresses a different question: whether the benchmark itself contains lexical cues that make 

classification easier than the underlying verification problem. Related work on causal and counterfactual 

debiasing in multimodal fake-news detection [11] and fact verification [12] reflects the same broader shift 

from maximizing benchmark scores toward understanding and reducing dataset-specific bias. 

3 |Materials and Methods 

3.1 |Dataset and Preprocessing 

Experiments were conducted on the standard ISOT Fake News Dataset distributed as Fake.csv and True.csv. 

The downloaded copy contained 23,481 fake articles and 21,417 true articles, for a total of 44,898 records. 

We concatenated each article title with its body text. Exact duplicates were identified after lowercasing and 

collapsing repeated whitespace; this step removed 5,798 records and left 39,100 unique articles (21,195 real 

and 17,905 fake). No exact duplicate appeared with conflicting labels. Subject metadata was inspected during 

the dataset audit but excluded from model input because the subject categories in this copy were label-

exclusive and would therefore provide an obvious shortcut. 

Table 1. Summary of the cleaned dataset and Reuters source-cue distribution. 

Class Articles Reuters present Reuters prevalence 

Real 21,195 21,157 99.821% 

Fake 17,905 209 1.167% 

Total 39,100 21,366 54.645% 

 

The striking difference in Reuters prevalence between the two classes was used as a dataset-level diagnostic. 

A simple non-learned rule—predicting real when Reuters was present and fake otherwise—classified 99.37% 

of the cleaned corpus correctly. We do not report this value as a held-out machine-learning result; rather, it 

quantifies how much label information is already available from a single provenance cue. 

3.2 |Source-masking Pilot 

A source-masking pilot was used to test whether this explicit provenance cue made a measurable contribution 

to a conventional text classifier. The masking function removed Reuters datelines and common wire-service 

signatures from the article body while leaving the title unchanged. Raw and masked conditions used the same 

stratified 80:20 train-test split with random seed 42. Text was represented using TF-IDF unigrams and 

bigrams, with a maximum of 5,000 features, minimum document frequency of 2, and sublinear term-

frequency scaling. The XGBoost classifier used 60 estimators, maximum depth 5, learning rate 0.12, 

subsample 0.8, column subsample 0.8, histogram-based tree construction, and random seed 42. 
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3.3 |Automatic Lexical Shortcut Discovery 

Shortcut discovery was restricted to the training partition so that the test set could not influence feature 

selection. Candidate tokens were encoded by binary document presence using a 20,000-token 

CountVectorizer vocabulary and a minimum document frequency of 10. For each token t, SCAR-FND 

computed a lexical leakage score, LLS(t), defined as the absolute difference between its prevalence in real and 

fake training documents: LLS(t) = |P(t | real) - P(t | fake)|. An LLS of 0 means that the token occurs at the 

same rate in both classes, whereas values close to 1 indicate near-complete class separation. The score is 

deliberately descriptive: a high LLS identifies a label-associated shortcut candidate, but it does not by itself 

establish that the token is causally spurious. 

3.4 |Progressive Top-K Ablation 

After ranking the shortcut candidates, a master TF-IDF representation with 5,000 unigram and bigram 

features was fitted on the training articles. We then evaluated K = 0, 10, 25, 50, and 100. For each K greater 

than zero, every TF-IDF feature containing at least one of the top-K shortcut tokens was removed; 

consequently, removing Reuters also removed any retained bigram that contained Reuters. XGBoost was 

retrained from scratch after each ablation. This design measures how much predictive performance remains 

as increasingly strong label-associated lexical feature families are excluded. 

3.5 |Matched Random-ablation Control 

Targeted ablation alone cannot show that the removed features are unusual, because performance may decline 

whenever the feature space is reduced. We therefore paired each K condition with a matched random control 

that deleted exactly the same number of TF-IDF columns. Random draws excluded the targeted shortcut-

associated columns, used deterministic seeds, and were repeated three times. The main descriptive contrast is 

the matched-ablation gap, defined as targeted accuracy minus the mean accuracy after matched random 

removal. A large negative gap indicates that the identified shortcut-associated features carry substantially more 

predictive information than an equal-sized set of ordinary features. 

3.6 |Evaluation Measures 

Model performance was evaluated using accuracy, fake-class precision, fake-class recall, F1-score, ROC-AUC, 

and Matthews correlation coefficient (MCC). Accuracy is included to allow direct comparison with the fake-

news detection literature, while F1 summarizes the balance between precision and recall. MCC uses all four 

cells of the confusion matrix and ranges from -1 to 1, making it useful when assessing overall binary 

classification quality. Because the matched-random control used only three repetitions, its results are 

presented descriptively as mean and standard deviation rather than as a formal significance test. 

4 |Results 

4.1 |Source Cue and Masking Pilot 

The Reuters-only diagnostic already classified 99.37% of the cleaned corpus correctly. Using the full raw text, 

the TF-IDF/XGBoost baseline reached 99.69% accuracy, 99.72% precision, 99.61% recall, 99.66% F1, 

0.9998 ROC-AUC, and 0.9938 MCC. Once explicit source cues were masked, accuracy fell to 97.86%, F1 to 

97.65%, and MCC to 0.9570. The corresponding decreases were 1.83 percentage points in accuracy and 2.01 

points in F1. The drop confirms that explicit provenance information contributes to the classifier, but the 

remaining performance also shows that Reuters alone does not explain the full separability of the dataset. 
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Table 2. Performance of the raw and source-masked TF-IDF/XGBoost models. 

Condition Accuracy Precision Recall F1 MCC 

Raw 99.69% 99.72% 99.61% 99.66% 0.9938 

Source 

masked 
97.86% 98.41% 96.90% 97.65% 0.9570 

Change -1.83 pp — — -2.01 pp -0.0368 

 

4.2 |Automatically Discovered Shortcut Candidates 

The training-only ranking identified Reuters as the strongest shortcut candidate without any Reuters-specific 

rule being supplied to the discovery procedure. Reuters occurred in 99.83% of real training documents and 

1.18% of fake training documents, giving LLS = 0.9865. The second-ranked token, via, had a much lower 

LLS of 0.5164, which makes Reuters an unusually extreme outlier. Other highly ranked tokens represented 

several types of signal: provenance or editorial markers such as via, image, featured, and video; journalistic 

style cues such as said and Washington; and more conversational or engagement-oriented terms such as you, 

just, like, and what. The diversity of these cues suggests that the shortcut structure extends beyond a single 

source token. 

 

Figure 1. Top 15 shortcut candidates identified from the training partition. Positive values indicate association with 

real articles and negative values indicate association with fake articles. 

4.3 |Progressive Targeted Ablation 

Performance declined steadily as progressively larger sets of high-ranked shortcut candidates were removed. 

Accuracy decreased from 99.69% at K = 0 to 96.78% at K = 10, 96.34% at K = 25, 95.52% at K = 50, and 

93.76% at K = 100. Over the same sequence, F1 fell from 99.66% to 92.99%, while MCC declined from 

0.9938 to 0.8749. At K = 100, the procedure removed 811 of the original 5,000 TF-IDF columns because the 

affected columns included both shortcut unigrams and bigrams containing at least one shortcut token. 
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Table 3. Model performance after progressive top-K shortcut ablation. 

K Features remaining Accuracy F1 MCC 

0 5,000 99.69% 99.66% 0.9938 

10 4,887 96.78% 96.44% 0.9352 

25 4,741 96.34% 95.96% 0.9264 

50 4,563 95.52% 95.01% 0.9103 

100 4,189 93.76% 92.99% 0.8749 

 

 

Figure 2. Accuracy, fake-class F1, and MCC after progressively removing the highest-ranked lexical shortcut 

candidates. 

4.4 |Matched Random-ablation Control 

The matched random controls behaved very differently from the targeted ablations. At K = 10, targeted 

removal lowered accuracy to 96.78%, whereas randomly deleting the same 113 TF-IDF columns preserved a 

mean accuracy of 99.71%. The contrast became larger as K increased. At K = 100, targeted accuracy was 

93.76%, but random removal of 811 non-targeted columns retained a mean accuracy of 99.68% (SD = 

0.00026 on the 0-1 scale). The targeted-minus-random accuracy gap therefore widened from -2.93 percentage 

points at K = 10 to -5.92 points at K = 100; the corresponding MCC gap widened from -0.0589 to -0.1187. 

Table 4. Targeted shortcut ablation compared with matched random feature removal. 

K Features removed 
Targeted 

accuracy 

Random accuracy 

mean ± SD 
Accuracy gap 

10 113 96.78% 99.71% ± 0.01 pp -2.93 pp 

25 259 96.34% 99.70% ± 0.01 pp -3.36 pp 

50 437 95.52% 99.69% ± 0.01 pp -4.16 pp 

100 811 93.76% 99.68% ± 0.03 pp -5.92 pp 
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Figure 3. Accuracy under targeted shortcut removal and matched random feature removal. Error bars represent ±1 

SD across three random-control repetitions. 

5 |Discussion 

5.1 |Main Interpretation 

Three findings are central to the interpretation of these experiments. First, ISOT contains an exceptionally 

strong provenance cue: in the cleaned corpus, Reuters presence by itself almost determines the class label. 

This observation is consistent with the recent ISOT-specific source-confound analysis [4] and with earlier 

evidence that publisher or site information can dominate unreliable-news benchmarks [1]. Second, explicitly 

removing Reuters-related cues lowers performance but still leaves accuracy close to 98%, showing that the 

benchmark cannot be reduced to a single-token explanation. Third, the automatic ranking exposes a broader 

set of label-associated lexical signals, and removing these signals damages performance far more than deleting 

an equal number of ordinary features. The matched control is important because it separates shortcut 

dependence from the generic effect of reducing dimensionality. 

The matched control makes the concentration of predictive information especially clear. At K = 100, both 

the targeted and random conditions removed 811 TF-IDF columns, yet their outcomes were very different: 

targeted accuracy fell to 93.76%, while matched-random accuracy remained at 99.68%. The identified 

shortcut-associated feature families therefore contributed far more predictive information than a typical 

equal-sized subset of the feature space. This effect appeared early in the ablation curve as well. Removing 

features associated with only the top 10 shortcut tokens produced a 2.93-percentage-point gap relative to 

matched random removal, even though just 113 TF-IDF columns were deleted. 

5.2 |What the Shortcut Ranking Does and Does Not Prove 

An important limitation of LLS is that it measures association, not causality. A large class-conditional 

frequency difference can arise from source identity, editorial formatting, writing style, topic, or genuinely 

informative task content. Reuters and via, for example, are relatively easy to interpret as provenance or 

publishing cues, whereas words such as said, government, or minister may reflect both journalistic style and 

substantive subject matter. For this reason, SCAR-FND refers to high-ranked items as label-associated lexical 

shortcut candidates rather than declaring every one of them spurious. The matched ablation demonstrates 
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concentrated predictive dependence on these feature families, but causal claims about individual tokens would 

require interventions, source-balanced data, or external validation. 

5.3 |Relation to Recent Work and Novelty 

SCAR-FND is positioned as an extension of the existing Reuters finding rather than a rediscovery of it. 

Apenteng [4] established the sufficiency and causal sensitivity of Reuters in ISOT, and the present 

experiments reproduce the strength of that signal without claiming it as novel. The contribution here is the 

broader audit: thousands of tokens are ranked automatically using training data only, model performance is 

traced under progressive top-K removal, and matched random deletion provides a negative control for 

dimensionality reduction. This brings the study closer to general shortcut-discovery research [5, 6] while 

applying those ideas to a widely used fake-news benchmark. The concern is practically important because, as 

Kishi et al. [2] show, models that exploit dataset-specific biases can look exceptionally strong within one 

corpus yet behave quite differently when the evaluation distribution changes. 

5.4 |Implications for Fake-news Evaluation 

Near-perfect in-dataset accuracy should therefore be interpreted cautiously in fake-news detection. It 

demonstrates that the labels are predictable under a particular benchmark construction, but it does not by 

itself establish that the model has learned factual reliability. A more informative evaluation should inspect 

source and topic distributions, include simple bias probes, intervene on suspicious features or representations, 

and, where possible, test on source-, time-, or dataset-disjoint splits [1, 2]. Increasing model capacity does not 

necessarily solve the problem; a neural model may encode the same shortcuts in a distributed representation 

that is simply harder to observe. Causal and counterfactual debiasing approaches [11, 12] offer a useful next 

direction by attempting to reduce confound dependence during training rather than deleting features only 

after the fact. 

6 |Limitations 

Several limitations should be considered when interpreting the findings. The experiments use a single 

historical English-language benchmark, so cross-dataset generalization has not yet been tested. LLS is also a 

unigram occurrence statistic; it cannot capture every syntactic, semantic, contextual, or multimodal shortcut. 

In addition, targeted ablation may remove genuinely useful task information together with spurious cues. The 

matched random control addresses the amount of feature deletion, but it does not determine whether each 

removed token is causally irrelevant to veracity. The random control was repeated three times, which is 

adequate for a descriptive comparison but too small for formal inference about the full random-ablation 

distribution. Finally, the TF-IDF/XGBoost pipeline was selected for transparency and computational 

accessibility rather than maximum representational capacity, and the source-masking pilot can remove explicit 

Reuters signals without eliminating every latent editorial signature. 

7 |Conclusion 

SCAR-FND shifts the focus of fake-news benchmark evaluation from how high a classifier can score to what 

information allows it to score so highly. In the duplicate-cleaned ISOT corpus, a Reuters-only rule achieved 

99.37% accuracy, while the raw TF-IDF/XGBoost baseline reached 99.69%. Masking explicit Reuters/source 

cues reduced accuracy to 97.86%, confirming a measurable but incomplete provenance effect. Training-only 

shortcut discovery then identified Reuters automatically as the strongest lexical cue and revealed a wider set 

of source, editorial, stylistic, and topical associations. When the top 100 shortcut tokens were removed, 

accuracy fell to 93.76%; matched random deletion of the same 811 TF-IDF features retained 99.68% mean 

accuracy. The resulting 5.92-percentage-point gap shows that predictive information is heavily concentrated 

in a small, highly label-associated portion of the feature space. Future work should test whether the same 

audit pattern holds under source-disjoint and cross-dataset evaluation and should examine debiasing methods 

that suppress shortcut dependence while preserving genuinely semantic evidence. 
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