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Abstract 

Clinical text classification models often depend on spurious textual cues, including 

department names, template phrases, physician writing habits, medication shortcuts, and 

institutional documentation patterns. Such shortcuts may inflate internal performance but reduce 

reliability when the model is applied to new hospitals or electronic health record systems. This 

study proposes a Causal Cue Removal Transformer (CCRT) for robust disease risk classification 

from clinical notes. The method first detects shortcut-prone tokens through environment-wise 

attention variation, counterfactual token replacement, and conditional mutual information 

estimation. It then reduces shortcut influence by applying causal token masking and invariant 

prediction regularization across hospitals. The model was evaluated on 214,600 de-identified 

clinical notes from 58,320 patients across four hospitals, including discharge summaries, 

emergency records, and outpatient notes. The task was 30-day readmission prediction and major 

complication classification. In internal testing, CCRT achieved an AUROC of 0.871, compared 

with 0.856 for ClinicalBERT. In cross-hospital validation, AUROC improved from 0.742 to 0.803, 

while calibration error decreased from 0.091 to 0.052. Error analysis showed a 36.4% reduction in 

predictions driven mainly by administrative or template-specific expressions. The findings show 

that causal cue removal can improve text model robustness in clinical deployment. 

Keywords: Clinical text classification; shortcut learning; causal token masking; transformer 

model; hospital shift; robust prediction 

 

1. Introduction 

Clinical notes contain rich information about symptoms, diagnoses, medications, disease 

progression, and treatment plans that may be incomplete or entirely absent from structured 

electronic health record fields. The increasing availability of large-scale clinical text has therefore 

supported the development of natural language processing models for readmission prediction, 

complication detection, phenotyping, and clinical information extraction. MIMIC-IV has enabled 

large-scale studies of clinical prediction and representation learning using longitudinal hospital 

data [1]. Domain-specific language models such as PubMedBERT have further improved 
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biomedical text processing by adapting pretraining to biomedical literature [2], while large clinical 

language models trained on extensive collections of electronic health records have demonstrated 

strong performance across multiple clinical NLP tasks [3-6]. Recent causally motivated research 

has also shown that predictive models may simultaneously exploit multiple shortcut features and 

that identifying and suppressing these shortcuts can improve robustness beyond methods that 

consider only a single predefined spurious cue [4]. These developments have substantially 

improved clinical text modeling, but high performance on an internal test set does not necessarily 

indicate that a model has learned clinically meaningful and transferable relationships. Current 

clinical language models are still frequently evaluated on a limited number of public datasets or 

within a single health system, leaving their robustness to institutional changes insufficiently 

characterized [5,6]. 

Cross-hospital generalization is particularly difficult because clinical text is shaped not only 

by patient conditions but also by local documentation practices. Hospitals differ in note templates, 

department names, abbreviations, medication naming conventions, physician writing styles, 

coding practices, and electronic record systems. These differences may create hospital-specific 

lexical and structural patterns that are statistically associated with an outcome during training but 

have little direct clinical relevance[7-10]. A model can consequently achieve high discrimination 

by relying on institutional signatures rather than the symptoms, diagnoses, or treatment 

information that should determine the prediction. Prior work has shown that apparently strong 

language-model performance can be driven by superficial textual patterns rather than genuine task 

understanding [7,8]. Cross-hospital evidence further demonstrates the practical importance of this 

problem. A study using clinical records from three hospitals in China observed substantial 

performance degradation when models were evaluated outside their training institution [9,10]. 

Temporal changes in electronic health records can produce similar distribution shifts, causing 

models trained on earlier documentation patterns to deteriorate when deployed on later data 

[11-15]. Cross-institutional studies involving social determinants of health have likewise reported 

uneven transfer across datasets and health systems [13,14]. These findings suggest that 

institutional variation should be treated as a central source of distribution shift rather than as 

incidental noise. Shortcut learning provides one explanation for this instability. Clinical models 

may use sensitive demographic attributes, administrative terminology, service names, formatting 

conventions, or repeatedly copied template phrases as proxies for clinical outcomes [15,16]. Such 

cues may remain highly predictive within the development dataset while failing when the same 

concepts are documented differently elsewhere. Even clinically related words can become 

misleading shortcuts when they are interpreted outside their intended context. Smoking- and 

alcohol-related expressions, for instance, have been reported to trigger false drug-use predictions 

in clinical text classification systems [17-20]. These errors are difficult to detect using aggregate 

discrimination metrics alone because a model can retain a high AUROC while depending on 

unstable or noncausal features. Shortcut dependence can also affect probability estimates, 



producing poorly calibrated predictions when the frequency of institutional cues changes across 

hospitals [21-24]. For clinical decision support, this distinction is important because reliable 

deployment requires both accurate ranking of patient risk and probabilities that remain meaningful 

under distribution shift. Existing approaches identify suspicious model behavior using token 

attribution, perturbation-based analysis, counterfactual text modification, and representation-space 

analysis [25-28]. Causal and invariant learning methods have further attempted to separate stable 

predictive information from environment-specific correlations through counterfactual 

interventions, auxiliary shortcut labels, environment inference, invariant risk objectives, and 

distributionally robust penalties [29-32]. These methods provide useful foundations for robustness 

analysis, but several limitations remain in clinical applications. Some approaches require shortcut 

attributes to be specified in advance, although the relevant institutional cues may be unknown 

before deployment[33-35]. Others depend on labeled target-domain observations or predefined 

environments that may not be available when a model is transferred to a new hospital. Many 

evaluations are also restricted to a single institution, one note category, or relatively small datasets, 

making it difficult to determine whether the proposed mechanisms remain effective across 

heterogeneous documentation settings. In addition, discrimination, calibration, and shortcut 

dependence are commonly studied separately even though they represent closely related aspects of 

model reliability[36-38]. A model that maintains AUROC but becomes poorly calibrated, or one 

that preserves overall accuracy while shifting toward administrative cues, may still be unsuitable 

for cross-hospital use[39-41]. 

This study develops a Causal Cue Removal Transformer (CCRT) to improve the stability and 

interpretability of clinical text classification across healthcare institutions. CCRT is designed to 

identify shortcut-prone textual cues without requiring a complete predefined list of 

hospital-specific features. It integrates cross-hospital attention variation, counterfactual token 

replacement, and conditional mutual information to estimate whether individual tokens or 

expressions contribute to predictions through unstable institutional associations. Causal token 

masking is then used to reduce the influence of these shortcut-prone expressions while preserving 

clinically informative content, and an invariant prediction penalty is introduced to constrain 

differences in predictive risk across hospital environments. The framework is evaluated on 

214,600 de-identified clinical notes from 58,320 patients across four hospitals, including discharge 

summaries, emergency records, and outpatient notes, with 30-day readmission prediction and 

major complication classification as the primary tasks. The study assesses cross-hospital 

discrimination, calibration, and sensitivity to administrative and template-specific language within 

a unified evaluation framework. By linking explicit shortcut identification with causal cue 

suppression and invariant learning, this work aims to reduce dependence on institution-specific 

documentation patterns while preserving clinically relevant information. The broader objective is 

to support clinical language models whose predictions remain more accurate, better calibrated, and 



less sensitive to local writing conventions when transferred between hospitals, thereby improving 

the reliability of clinical NLP systems in real-world multi-institutional deployment. 

 

2. Materials and Methods 

2.1 Study Population and Data Sources 

This multicenter retrospective study used 214,600 de-identified clinical notes from 58,320 

patients at four hospitals. The dataset contained discharge summaries, emergency department 

records, and outpatient notes. Patients were selected when their index visit had a complete clinical 

note and enough follow-up data. These data were required to determine 30-day readmission and 

major complications. Duplicate files, empty notes, records without outcome labels, and notes 

written after the prediction time were removed. The study population included medical and 

surgical patients with different ages, diagnoses, and disease severity. All personal information was 

removed before analysis. Notes from the same patient were assigned to the same dataset group to 

avoid data leakage. 

 

2.2 Experimental Design and Control Models 

CCRT was compared with ClinicalBERT under the same experimental settings. 

ClinicalBERT was used as the main control because it was trained on clinical notes but did not 

control hospital-specific text. Three CCRT variants were also examined. In each variant, causal 

token masking, invariant prediction regularization, or counterfactual token replacement was 

removed. A random-masking model was added to test whether targeted token masking was better 

than general masking. Cross-hospital testing followed a leave-one-hospital-out design. Data from 

three hospitals were used for training and validation. Data from the remaining hospital were used 

for testing. The process was repeated four times so that each hospital served as the test hospital 

once. No patient appeared in more than one dataset group. All models used the same notes, 

tokenizer, batch size, training epochs, and stopping rule. 

 

2.3 Outcome Measurement and Quality Control 

The study outcomes were unplanned readmission within 30 days after discharge and major 

complications during follow-up. Readmission labels were obtained from linked hospital visit 

records. Major complications were defined using a fixed list of diagnosis codes, procedure codes, 

and recorded clinical events. These events included unplanned intensive care transfer, sepsis, 

organ failure, reoperation, and in-hospital death. A random sample of outcome labels and model 

errors was reviewed separately by two clinicians. A third clinician resolved any disagreement. 

Notes containing the final outcome, future information, or copied text written after the prediction 

time were excluded. Duplicate notes were found using text hashes and sentence similarity. 

Performance was measured using AUROC, area under the precision–recall curve, sensitivity, 



specificity, F1 score, and expected calibration error. Tokens with high attribution scores were 

reviewed to find errors caused by administrative terms or template phrases. 

 

2.4 Data Processing and Model Formulation 

Spaces, line breaks, and repeated headers were cleaned before tokenization. Medical terms, 

abbreviations, medication expressions, and negation words were retained. De-identification tags 

were replaced with common labels. Notes were processed with the ClinicalBERT tokenizer. Long 

notes were divided into sections containing no more than 512 tokens. The section outputs were 

then combined for classification. The shortcut score for token t was defined as follows: 

st=αVare(āt,e)+β
1

Nt
∑ |pθ(yi∣xi)−pθ(yi∣xi

(t))|i:t∈xi +γI(Tt;E∣Y). Here, āt,e is the mean attention 

weight of token t at hospital e. The term xi
(t)

 is the note after token t is replaced. The term 

I(Tt;E∣Y) measures the link between the token and hospital after controlling for the outcome. 

Tokens with higher scores had a higher masking rate. The training loss was defined as follows: 

ℒ=ℒCE+λcf
1

N
∑ DKL

N
i=1 (pθ

(⋅∣xi)∥pθ
(⋅∣x̃i))+λinv

1

E
∑ (Re−R̄)

2E
e=1 . The second term kept predictions 

close before and after token masking. The third term reduced differences in prediction risk among 

hospitals. Re is the mean loss for hospital e, and R̄ is the mean loss across all hospitals. 

 

2.5 Statistical Analysis 

Results were calculated for each hospital and for all cross-hospital predictions combined. 

Each model was trained five times with different random seeds. The mean and standard deviation 

were reported. Patient-level bootstrap sampling with 1,000 repetitions was used to calculate 95% 

confidence intervals. AUROC values were compared using the paired DeLong test. Differences in 

calibration error, F1 score, and shortcut-related error rates were tested using paired bootstrap 

samples. McNemar’s test was used to compare patient-level errors between CCRT and 

ClinicalBERT. The Benjamini–Hochberg method was applied when several model variants were 

compared. All tests were two-sided. A p-value below 0.05 was treated as statistically significant. 

 

3. Results and Discussion 

3.1 Model Performance 

CCRT achieved an internal AUROC of 0.871, compared with 0.856 for ClinicalBERT. The 

absolute improvement was 0.015. In cross-hospital testing, CCRT achieved an AUROC of 0.803, 

while ClinicalBERT achieved 0.742. The absolute improvement increased to 0.061. This equals a 

relative increase of 8.2%. The larger gain in cross-hospital testing shows that CCRT was more 

stable on notes from new hospitals. ClinicalBERT was more likely to use department names, 

template phrases, and local medication terms. These terms may be linked to an outcome in the 

training data but have little value in another hospital [25,26]. CCRT reduced the effect of these 



local terms while keeping useful clinical information. As shown in Fig. 1, this change produced a 

small improvement in internal testing and a larger improvement in external testing. 

 

Fig. 1. AUROC of ClinicalBERT and CCRT in internal and cross-hospital tests. 

 

3.2 Cross-Hospital Performance 

The AUROC of ClinicalBERT decreased from 0.856 in internal testing to 0.742 in 

cross-hospital testing. This was a decrease of 0.114. The AUROC of CCRT decreased from 0.871 

to 0.803, with a smaller decrease of 0.068. CCRT reduced the internal-to-external performance 

loss by 0.046, or 40.4% compared with ClinicalBERT. The hospital-based risk penalty kept 

prediction errors at a similar level across the training hospitals. Causal token masking also reduced 

the weight of words linked mainly to local note formats. Liang et al. (2026) reported that hidden 

shortcuts caused internal tests to overestimate external performance across several medical 

datasets, including discharge summaries. Their method estimated the likely performance loss after 

model training [27,28]. In contrast, CCRT reduced shortcut use during training. This difference 

explains the smaller performance loss observed for CCRT. 

 



3.3 Calibration and Shortcut Errors 

The expected calibration error was 0.091 for ClinicalBERT and 0.052 for CCRT. This was a 

reduction of 42.9%. A lower calibration error means that the predicted risks were closer to the 

actual event rates. This is important when a risk score is used to guide discharge plans, follow-up 

visits, or clinical review. Error analysis also found a 36.4% reduction in predictions based mainly 

on administrative terms or fixed template phrases. These results are shown in Fig. 2. Zhao et al. 

(2024) found clear performance differences when clinical text models were tested on notes from 

other institutions. Their results showed that models often learn writing patterns from the source 

hospital [29,30]. CCRT reduced this problem by comparing token effects across hospitals. It also 

tested prediction changes after selected tokens were replaced or masked. The lower calibration 

error and shortcut error rate support the use of these two steps. 

 

Fig. 2. Calibration error and shortcut-related prediction error of ClinicalBERT and CCRT. 

 

3.4 Clinical Use and Limitations 

The results support the use of CCRT for clinical notes from different hospitals and electronic 

health record systems. The study included 214,600 notes from 58,320 patients. It covered 

discharge summaries, emergency records, and outpatient notes. The use of several note types 

reduced the effect of a single documentation format. However, the study used past records from 

only four hospitals. Other health systems may have different patient groups, coding rules, 

templates, and clinical terms. Counterfactual token replacement may also create unnatural text. It 

may remove words that contain weak but useful clinical information. In addition, a low shortcut 

score does not prove that the remaining words have a causal relation with the clinical outcome. 

Only two prediction tasks were examined, and the model was not tested in routine clinical practice. 

Future work should include more hospitals, different record systems, patient subgroup tests, and 

prospective clinical studies. 

 



4. Conclusion 

This study introduced CCRT to reduce the use of hospital-specific words in clinical text 

classification. The model finds shortcut-related tokens by comparing attention patterns across 

hospitals, replacing selected tokens, and measuring conditional mutual information. It then limits 

these tokens through causal masking and a cross-hospital risk penalty. CCRT achieved an 

AUROC of 0.871 in internal testing and 0.803 in cross-hospital testing. The calibration error 

decreased from 0.091 to 0.052, and shortcut-related predictions decreased by 36.4%. The results 

support the use of CCRT for readmission and complication risk assessment across different 

hospitals and record systems. However, the study included only four hospitals and two clinical 

tasks. Token replacement may also remove useful medical terms. Future work should test CCRT 

in more hospitals, patient groups, and clinical settings. 
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