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1. Abstract

An AI-based model that automatically generates radiology reports can dramatically im-
prove both clinical workflows and patient care (Boag et al., 2020; Hartung et al., 2020).
Such models can triage cases, lessen radiologist workloads, and reduce delays in diagno-
sis(Nsengiyumva et al., 2021; Dyer et al., 2021; Annarumma et al., 2019). Additionally,
AI tools, whether acting autonomously or in collaboration with radiologists, can improve
human accuracy (Seah et al., 2021; Sim et al., 2020).

However, current report generation models are not ready for translation into clinical
practice (Jing et al., 2018; Chen et al., 2020). While many prior methods adopt image-
captioning models to directly generate a report from an image input, their outputs often
contain hallucinated information and self-contradictory claims (Yan et al., 2021; Miura et al.,
2021). Another stream of work approaches radiology report generation as an image-text
retrieval task, as retrieving a human-written report from a corpus of previous reports can
guarantee the report’s clinical coherence (Endo et al., 2021). However, prior retrieval-based
approaches are nowhere near the theoretical upper bound of a retrieval-based generation,
as the models often fail to select the ideal report from the corpus (Yu et al., 2022).

To this end, we propose Contrastive X-Ray REport Match (X-REM), an innovative,
retrieval-based radiology report generation method that differs from the current paradigm in
two key ways. First, our approach emphasizes multimodality, leveraging a language-image
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model to acquire a joint representation of the image and text, as opposed to separately
representing them using two unimodal encoders. Secondly, at the retrieval step, we use an
image-text matching score as the main similarity metric. In addition to aligning the image
and text embeddings in the unsupervised pre-training phase, we also perform supervised
contrastive learning that fine-tunes the model to match image and text with the same clinical
label. Image-text matching score that is further tuned on the domain-specific features
better captures the complicated interaction between a medical image and a report than
the conventional cosine similarity, which primarily relies on the alignment of the latent
representations.

The structure of X-REM is as follows. First, X-REM sequentially applies a cosine
similarity filter and an image-text matching filter to narrow down the retrieval corpus to
top j reports most similar to the input image. Then, X-REM removes reports with repetitive
information using a natural language inference gate, concatenating the remaining reports
into a single document in the final step.

When evaluated on the pre-processed test split of MIMIC-CXR (Johnson et al., 2019),
X-REM shows a noticeable improvement over previous radiology report generation modules,
including M2Trans (Miura et al., 2021), R2Gen (Chen et al., 2020), WCL (Yan et al., 2021),
CvT2DistilGPT2 (Nicolson et al., 2022), BLIP (Li et al., 2022), and CXR-RePaiR (Endo
et al., 2021) on both clinical metrics (3.054 RadCliQ (Yu et al., 2022), 0.133 RadGraph F1

(Jain et al., 2021), 0.384 CheXbert vector similarity (Smit et al., 2020)) and natural language
metrics (0.287 BERTScore (Zhang et al., 2019)). Additionally, we asked radiologists to
provide a line-by-line annotation of error scores (No error: 0, Not actionable: 1, Actionable
nonurgent error: 2, Urgent error: 3, or Emergent error: 4) on reports generated by X-REM
and the baseline retrieval-based approach (CXR-RePaiR). When we analyzed the maximum
error severity (MES), which is the worst error in the report, and the average error severity
(AES), X-REM reduced the average MES from 2.38 to 2.00 and the average AES from 2.47
to 1.82 compared to the baseline.
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RadCliQ RadGraph F1 CheXbert BERTScore BLEU2

1 M2 Trans* 3.087 0.111 0.268 0.227 0.087
2 R2Gen* 3.232 0.057 0.203 0.186 0.059
3 WCL* 3.205 0.068 0.218 0.188 0.064
4 CvT2DistilGPT2* 3.191 0.073 0.264 0.193 0.066
5 BLIP 3.304 0.046 0.309 0.190 0.030
6 CXR-RePaiR* 3.181 0.091 0.379 0.191 0.055
7 X-REM 3.054 0.133 0.384 0.287 0.084

Table 1: X-REM outperforms previous report generation models on multiple metrics. Re-
sults with * are from a previous work by Yu et al. (2022) who evaluated the models
on the identically-preprocessed MIMIC-CXR test set.

MES AES

0 ≤ 1 ≤ 2 ≤ 3 0 ≤ 1 ≤ 2 ≤ 3

X-REM (N=117) 0.17 0.35 0.48 0.87 0.23 0.46 0.68 0.91
Baseline (N=69) 0.10 0.33 0.45 0.86 0.11 0.34 0.52 0.82
Human Benchmark (N=53) 0.34 0.49 0.64 0.94 0.35 0.56 0.69 0.94

Table 2: Human Evaluation Study Results. In each row, we show the CDF for each report
source across MES and AES scoring. For example, under MES column 3, we have
the proportion of reports which have a max error severity of 3 or less.
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Figure 1: An overview of the pre-training, fine-tuning, and inference steps of X-REM
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