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Abstract: Background: Machine learning methods for clinical assistance require a large
number of annotations from trained experts to achieve optimal performance. Previous
work in natural language processing has shown that it is possible to automatically extract
annotations from the free-text reports associated with chest X-rays. Methods: This study
investigated techniques to extract 49 labels in a hierarchical tree structure from chest X-ray
reports written in Danish. The labels were extracted from approximately 550,000 reports
by performing multi-class, multi-label classification using a method based on pattern-
matching rules, a classic approach in the literature for solving this task. The performance
of this method was compared to that of open-source large language models that were
pre-trained on Danish data and fine-tuned for classification. Results: Methods developed
for English were also applicable to Danish and achieved similar performance (a weighted
F1 score of 0.778 on 49 findings). A small set of expert annotations was sulfficient to achieve
competitive results, even with an unbalanced dataset. Conclusions: Natural language
processing techniques provide a promising alternative to human expert annotation when
annotations of chest X-ray reports are needed. Large language models can outperform
traditional pattern-matching methods.

Keywords: Al for healthcare; natural language processing; radiology report classification

1. Introduction

Artificial intelligence research has long been working towards the automation of
medical image interpretation with high accuracy and efficiency. Supervised machine
learning algorithms show promising results in terms of diagnostic accuracy, while taking
little time to identify a pre-defined set of abnormalities [1-3]. These algorithms are data-
hungry, meaning that they need to be fed thousands of images to perform in the best
way possible. Each case needs an annotation, or set of labels, that indicates whether
abnormalities are present or not. These labels are expensive to obtain, as only human
experts can become annotators. Concerns arise when a clinician’s workload shifts from
diagnostics to annotation, creating a new problem rather than solving it [4,5]. However,
some information is already available when images are obtained from clinics, as radiologists
describe their findings in a detailed free-text report.
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Natural language processing (NLP) techniques have proven to be effective in automat-
ically detecting the findings from a radiology report [6,7]. The use of these methods can aid
us in acquiring the annotations required for the development of computer vision systems.
Examples of possible techniques include string-matching rules which identify pre-defined
patterns to output annotations, as well as state-of-the-art deep learning methods.

Rule-based systems use regular expressions (RegExs), a set of textual matching rules,
to match patterns in phrases which indicate the presence or absence of a clinical finding,
in addition to the type of presence, i.e., a positive or negative mention [8-10]. Rule-based
systems require carefully crafted RegEx rules that are tailored to the target domain and
language. Consider the sentence “We exclude the presence of pneumothorax”, which
contains a negatively mentioned finding. A simple RegEx like (s/pneumothorax) would
match the word “pneumothorax” and wrongly interpret it as a positive mention. Modeling
negations and spelling errors that naturally occur in free-text language is the main challenge
of using RegEx annotation methods.

NegBio [11] is a RegEx method that detects negations and uncertainty using special
language patterns. It inspired the methods used to extract labels from reports of chest
X-ray images in English [12,13] and other languages such as Brazilian Portuguese [14],
Vietnamese [15], and German [16]. Large language models (LLMs) have shown strong results
in previous work on this task: CheXbert [17] is a BERT-based [18] language model trained on
labels extracted using another rule-based method and human expert annotations, achieving
better performance than the previous state-of-the-art rule-based methods.

Most of the available automatic annotation tools work only on radiology reports
written in English. When working in other languages, fewer technical resources are
available, which necessitates the development of task- and language-specific methods.
The severity of this challenge can be quantified with reference to the European Language
Equality Programme, which defines the technological DLE factor to measure the level of
technological support for a language in terms of the available data and tools [19]. Although
Danish is not considered a low-resource language, its technological DLE factor (according
to the European Language Grid, release 3) is only 10,439, in contrast to 78,335 for English.
It can also be compared to German and Spanish, for which automatic annotation tools have
been developed, which have DLE factors of 39,929 and 36,751, respectively. The lack of
resources for languages such as Danish makes the development of an annotation tool for
radiology reports more difficult.

This study explored techniques for the efficient and cost-effective automatic annotation
of chest X-rays reports written in Danish and proposes a machine learning model training
strategy that matches the performance of similar English methods. With this in mind, the
aim of this work is the following;:

(1)  Develop a string-matching algorithm for the automatic identification of positive and
negative mentions of abnormalities in Danish chest X-ray reports.

(2)  Compare the performance of the above method against various BERT-based machine
learning models, including models trained on multi-lingual datasets versus models
fine-tuned on the target language.

(3)  Present an overview of the experimental results on the annotation effort needed to
achieve the desired performance.

2. Materials and Methods

Ethical approval was obtained on 11 May 2022 from the Regional Council for Region
Hovedstaden (R-22017450). Approval for data retrieval and storage was obtained on 19
May 2022 from the Knowledge Center on Data Protection Compliance (P-2022-231).
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2.1. Materials: Data Collection

The data for this study were a subset of a larger dataset extracted from 2010-2019 from
the PACS system of a major network of hospitals and private clinics in Denmark (n = 11).
The dataset contained 1,452,561 unique cases and 878,305 associated reports, representing
808,662 studies with 357,205 unique patients. From this, 547,758 unique text reports were
selected for annotation, of which a random subset of 2475 entries were selected for human
expert labeling by medical personnel. See Figure 1 for an overview of the annotation
process. The site with the most reports contributed ca. 139,000 examples (25% of the total).
The site with the fewest reports contributed ca. 10,000 examples (2% of the total).

Chest X-Ray reports Rule-Based Labelling Annotated Machine Learning
P : Datasets
. . . iinfiltrat(er|iv(e|t))?
( forandring| streg)?
E o=y 5 BERT
2288 ) o5
(pleural? ?)?elkx]ss?
7: udat (er|ion) ?
A 4

T O HL BERT
—_ @ o RB— HL
E ' E Human-expert

Labeling

BERT v

and | RB— HL Vs HLest

Evaluation

{mBERT, BotXO, MeDa-BERT}
+ {XLM, DanskBERT}

Figure 1. A total of 547,758 Danish chest X-ray reports were collected from a major hospital network
in Denmark, covering 11 sites. The reports were subdivided into two sets: the first was annotated
by RegEx rules (RE) and formed the RB (rule-based labels) dataset; the second and smaller set was
manually labeled by expert human annotators, forming the HL set (human expert labels). The RB set
was used to fine-tune a BERT-like model to annotate reports as one of forty-nine findings, as either a
positive or negative mention or as a finding not mentioned. This model was then fine-tuned on the
HL set. The RegEx and BERT models were then evaluated against a subset of the HL set that was not
seen during training.

The label hierarchy used in our dataset was developed by Danish radiologists to match
their diagnostic terminology [20-22]. It includes parent labels and increasingly specific
sub-labels, with definitions to ensure consistent application. The hierarchy was designed
to cover all findings comprehensively and to minimize the application of a catch-all Other
label. The hierarchy was iteratively refined with an external medical software company
through testing and comparisons with public datasets. Radiologists made all final label
decisions, drawing on related studies [12,23]. Listing Al in Appendix A presents the full
hierarchy of labels.

In the report labeling process, each abnormality (finding) could be assigned to one of
the following classes: a “positively mentioned finding” (a finding is present), “negatively
mentioned finding” (no evidence of a finding is present), or “the finding not mentioned
in the report” (the models were trained to identify this class but not evaluated against it).
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Positive mentions were sometimes found with contextual modifiers in the reports, such as
annotators noting uncertainty about the classification or using adjectives or comments to
grade the severity of the finding. Since these mentions were still positive in the sense of
describing the presence of a finding, they were coded as positive.

2.2. Methods: Regular Expressions (RE)

Inspired by the work by Irvin et al. [12], 574,758 reports in our dataset were labeled
using a simple pattern-matching method-based NegEx [24], which we refer to as RE
(Figure 2). Following this protocol, a total of 360 RegEx rules were created, which unfolded
on 1,548,505 unique raw string patterns.

Report RegEx Labeler

cinfiltrat(er|iv(el|t))? :
( forandring| streg)?

Rentgen af thorax i to
planer, viser aftagende

infiltrative forandringer.
Ingen pleuraeksudater.

(pleural? ?)7?elkx]ss?
udat (er|ion)?

Labels

:Infiltrate
:PleuralEffusion 0

Gloss: "Thoracic X-ray in two

planes shows decreasing :Atelectasis -
infiltrative changes. No pleural :Cardiomegaly -
exudates"

Figure 2. Constructed example of two RegEx rules matching a Danish chest X-ray report. The Regex
Labeler outputs a set of findings as being positively (1) or negatively (0) mentioned or not mentioned
(-). In green, the Infiltrate rule matches a positive mention. In blue, the PleuralEffusion finding
is mentioned and negated by the word “ingen”. Abnormalities that are not matched by any rule are
assigned the “not mentioned” class.

2.3. Methods: Pre-Trained Language Models

Large language models (LLMs) are the current state of the art in many NLP tasks [25].
The training strategy developed by Smit et al. [17] to classify chest X-ray reports in English
using BERT-like models was followed to classify Danish reports. Five LLMs pre-trained
on Danish text were selected. The order of the presentation of the models’ results is based
on the amount of Danish text used in the model’s pre-training, from the least to the most
(Table 1). Box 1 summarizes terminology related to LLMs used in this paper.

Box 1. Large language models (LLMs) terminology.

IPre-training ~ Models are trained with unstructured, unlabeled data by predicting missing
parts of the input as a next word prediction task.

[Fine-tuning A pre-trained LLM is further trained to specialize it for a specific task, e.g.,
radiology report classification.

Token Fundamental unit of text in LLMs, representing words or subwords.

Tokenizer A function that converts the input text into tokens.

Context Amount of text, in tokens, that the model can process at any one time.
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Table 1. Summary of the size (as in the number of parameters) and data used to pre-train the selected
BERT-like models. @ indicates multi-lingual data, ¥= stands for Danish, and 3 for Danish medical
data. The models are presented from the least amount of Danish data used in their pre-training
(mBERT) to the most (DanskBERT).

Pre-Training Data Model Name Parameters Tokens/Words
(5) mBERT 110M ~200 M words !
= BotXO 110 M 1.6 B words

= MeDa-BERT 110 M +123 M tokens
XML-RoBERTa 125M 7.8 B tokens
= DanskBERT 125 M +1 B words

! This number is a rough estimate, as the specific number was not reported by [18].

Since the primary focus of this study was to explore the feasibility of translating
research techniques developed for English to a non-English language (Danish), LLMs with
billions of parameters were excluded. This practical approach ensured that the findings
in this paper are relevant and applicable for organizations with similar data, hardware,
human resources, and privacy limitations. More details about pre-trained language models
and the RegEx-based method are available in Appendix B.

2.4. Experimental Protocol

Using RE rules, labels were extracted from 547,758 text reports and collected in the
rule-based RB dataset. This set was divided with a 98/2 split for validation during training.

The human expert labeled (HL) dataset with 2475 samples was divided into train
(n = 1600), dev (n = 125), and test (n = 750) sets. The splits were generated using
stratification for multi-label data as described by Sechidis et al. [26] and implemented using
the iterative-stratification Python library (version 0.1.7). RB labels were generated
in HLys to compare RE against machine learning models. The datasets presented a huge
imbalance between the findings and assigned classes (Figures 3 and A1l).

Atelectasis 11 |
Cardiomegaly H i
ChronicLungChanges i |

Consolidation I
Fracture
IncreasedInterstitial | |
Infiltrate mi
LungDecr.Translucency
NoduleTumorMass
PleuralEffusion il 1
Pneumonialnfection
Pneumothorax | |
StasisEdema I H
SupportDevices I 1 i

Mention o
Positive

Negative

Not mentioned

Figure 3. Distribution of the number of reports by the class assigned to each finding in the combined
RB and HL datasets for the most frequent findings. For most abnormalities, “not mentioned” was
the most frequent class, except for Infiltrate and PleuralEffusion, for which negated mentions were
more common.
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All language model weights were initialized in the respective pre-trained architecture,
which produced a CLS token. This token was the input to a multi-label, multi-class linear
prediction layer. Following the labeling protocol, this translated into a layer of 49 linear
heads that could predict three different classes: a positive mention, negative mention, and
no mention. The input text was tokenized, and only the first 512 tokens were used as the
context for making predictions. In the dataset, a very small number of reports exceeded this
limit, but the exact number depended on the model’s tokenizer. All models were trained
with unfrozen weights, using the cross-entropy loss and AdamW optimization with an
initial learning rate of 1 x 10~°. The loss was computed by summing the individual losses
of the linear heads. All models were trained using one NVIDIA RTX 4090 GPU, with a
batch size of 28 for RoBERTa base models and 30 for BERT base models.

2.4.1. Rule-Based Labels (RB)

A given machine learning model was trained on RBy,,;,. The models” performance
was tracked on RBy,,. All models were trained for 8 epochs, with an average wall clock
training time of 6 h.

2.4.2. Human Expert Labels (HL)

A given machine learning model was trained on a subset of the data that was labeled
by human experts (HL). HL,i,;, was much smaller than RB; therefore, the models were
trained for 50 epochs to improve the convergence. HL;,, was used for validation, on which
the models showed performance degradation when training for more epochs.

2.4.3. Transfer Learning (RB — HL)

Starting with models trained on the RB set, the models were further trained on the
human expert-annotated data in HL, following the same hyper-parameters as the models
trained exclusively on HL. This experiment is indicated in the results as RB — HL. This
technique is also called transfer learning (Figure 4), as in when a model trained on one task
is then adapted to the target task by training further on a limited dataset from the desired
domain. The main results report the average performance over 5 repeated training runs
with different random seeds to address training variation.

n = 536k

Rule-based Labels

n = 1.6k
Human expert
Labels
BERT > BERT
RB RB —- HL

Figure 4. A large-scale dataset annotated with rule-based labels (RB) was used to tune a BERT-like
model to predict 49 findings in Danish chest X-ray reports. This model was then fine-tuned on a
smaller set of different reports labeled by human expert annotators (HL).

2.5. Resource-Driven Experiments

This study examined training strategies that could enhance performance in scenarios
with limited manual labeling or data resources. Additionally, the robustness of the methods
was evaluated through the use of model ensembles.
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2.5.1. Definition of Most Frequent Findings

A subset of the initial findings was selected so that it corresponded to the top ten most
frequent annotations for the positive and negative classes in the entire dataset, as annotated
by human expert annotators and using the RE method. This subset resulted in 14 findings
and was defined only for evaluations, meaning that no model was trained exclusively on
this subset. Comparing the performance of only the most frequent labels allowed us to
compare the Danish models to English methods that use smaller label sets.

2.5.2. Definition of Model Ensemble

Model ensembles are a well-established machine learning method for increasing the ac-
curacy of predictions by training different models and then averaging their predictions [27].
They have been shown to outperform single classifiers within the ensemble, as they tend
to decrease the generalization error without increasing the model variance [28]. In the
second stage of the language model training, a model ensemble was trained using 5-fold
cross-validation. HL;,,;;, was divided into 5 folds of 320 examples each: 4 folds were used
to train one model, and the left-out fold was used for validation. This process was repeated
to train 5 models on their respective training—validation folds. For testing, the predictions
on HLes from each model were averaged using majority voting.

2.5.3. Definition of Data Ablation

Knowing how many expert annotations are needed to develop a good annotation tool
is crucial. The RB — HL experiment was repeated by varying the proportion of the total
human-labeled data used to train the model. These subsets were again randomly sampled
with data stratification. Predictions on RB are reported as HLY".  while HLI%” refers to
RB — HL. This ablation experiment was repeated 5 times to address training variation.

3. Results
3.1. Evaluation Metrics

Each model was evaluated for its ability to automatically extract findings from the
reports, specifically by computing metrics on the negative and positive mentions of the
findings. The performance was assessed by computing the F1 score for the positive and
negative mention classes across 49 findings. These scores were then averaged to obtain the
macro F1 score. The F1 score represents both precision and recall in one metric. It can be

defined as
_ 2 Precision - Recall 2TP

Fl = =
Precision + Recall 2TP + FP+ FN

To address the class imbalance, the weighted F1 score is also reported, which weights

)

the macro F1 score by the class support.

3.2. RegEx and Transfer Learning

When comparing the distribution of the F1 across 49 findings in Figure 5, most models
performed better on the positive mention class. However, BotXO and DanskBERT showed
similar distributions for both negative and positive findings. Table 2 shows that every
machine learning model surpassed RE in terms of the macro F1 score, with the exception
of mBERT on the negative mentions. The latter barely reached the performance of the
RE method, but still showed an improvement in the other classes. Interestingly, despite
being trained on the target domain data, MeDa-BERT did not perform as well as BotXO on
both positive and negative mentions. The larger RoBERTa models XLM and DanskBERT
performed slightly worse on positive mentions compared to BERT models; however, they
achieved the biggest improvement over RE for negative mentions (A = +0.046) and the
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weighted F1 score for all findings (A = 4-0.077). Looking at the standard deviation across
every experiment, there was very little variance between the multiple training runs with
different seeds, meaning that the selected training schedule was consistent.

RE mBERT BotxO  MeDa-Bert XLM DanskBERT
1.0
0.9
0.8
—
[T
o
(9]
o 0.7
)
= o
o o o8 o o3
o
0.6 fo) o o) o] o]
o o o o o
05 © o o o o o oo o o o oo

RB +HL RB +HL RB +HL RB +HL RB +HL

[ negative mentions M positive mentions

Figure 5. Distribution of macro F1 score across all 49 findings for the positive and negative mention
classes for RB and RB — HL.

Table 2. Macro F1 and weighted F1 scores for positive and negative mentions for the 49 findings in
the HL test set, for RB — HL models. The scores are the average score and one standard deviation
interval over 5 repeated RB — HL training runs: for each run, the same RB checkpoint was used for
fine-tuning on HL labels, but with a different seed. Best score per metric is highlighted in bold.

Positive F1 Negative F1 Weighted F1
All Findings  Most Frequent
RE 0.721 0.478 0.667 0.846
© mBERT 0.742 £ 0.003  0.477 +£0.008  0.732 + 0.003 0.869 + 0.001
1= BotXO 0.745 + 0.007  0.509 +0.012  0.737 + 0.004 0.876 + 0.002
i=4¢ MeDa-BERT  0.739 £0.005  0.480 +0.006  0.742 + 0.003 0.873 + 0.002
© XLM 0.738 £0.007  0.498 +0.004  0.736 = 0.004 0.884 + 0.001

t= DanskBERT 0.738 £ 0.011 0.524 + 0.008 0.744 + 0.007 0.882 + 0.003

3.3. Most Frequent Findings Subanalysis

By restricting the number of tested findings to only the most frequent ones, there was
a important improvement in the weighted F1 scores, as shown in Table 2. For example, the
F1 score for frequent findings increased (A = 40.138) for DanskBERT compared to that for
all findings. This means that even if, on average, the model’s average performance was
lowered by the inclusion of underrepresented labels, its performance on the most frequent
findings was still enhanced compared to RE. For the macro F1 scores of the positive and
negative mentions for the most frequent findings, see Table A3 in Appendix C.

Figure 6 illustrates the performance of models on the individual most frequent findings.
Most models tended to cluster around the same score when the class support was high
enough, and the language models performed better than the RE. Exceptions arose with
findings that were underrepresented, such as Consolidation in the positive mention class
(n = 54) and ChronicLungChanges in the negative mention class (n = 2).
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F1 Macro scores for frequent findings
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Figure 6. F1 scores of the most frequent findings. In square brackets, the label and class support in

HLest, where P stands for positive mentions and N stands for negative mentions.

3.4. Model Ensemble Subanalysis

Table 3 presents the results of the model ensemble experiments. In comparison to

the single-model performance in Table 2, all of the ensembled models performed slightly

worse on positive mention classification but improved on negative mention prediction.

The only exception was MeDa-BERT, which consistently struggled with this class. Overall,

the performance of the ensembled DanskBERT model improved the most compared to its

unensembled counterpart for negative mention prediction (A = +0.193). We noted that the

ensembled DanskBERT model did not perform as well as XLM on positive mention classifi-

cation (A = —0.016), but it outperformed all models on negative mention classification.

Table 3. Macro F1 scores of the 49 findings for the HL test set for the RB — HL

compared to RE. Best score per metric is highlighted in bold.

model ensembles

Positive F1 Negative F1 Weighted F1
RE 0.721 0.478 0.667
© mBERT 0.743 0.650 0.766
1= BotXO 0.726 0.693 0.763
1=4¢ MeDa-BERT 0.747 0.397 0.727
© XLM 0.756 0.516 0.748
1= DanskBERT 0.740 0.717 0.778
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Figure 7 shows the macro F1 scores of both the negative and positive mentions for each
k-fold, compared against the fold average and the final result obtained through majority
voting. The majority voting score for all models was higher than the average score across
individual folds, indicating a substantial enhancement in performance through ensembling.
The results for XLM and MeDa-Bert were clustered together, while the rest of the models
showed more variation. Every model, except for MeDa-Bert, improved (became closer to
the top-right corner) with majority voting compared to just the fold average, especially
for negative mentions, demonstrating that model ensembles can improve the robustness
of predictions.

®
2 3
0.75 3 1
o K
o
3 0.74 ¢ 28 »—2 @
s Y ® s
=
°
5 3 1
g 073 .
@ 2
=
= 2
S 0.72 1 4
[a
0.71 1
0.4 0.5 0.6 0.7
Negative mention Macro F1
Model ® MeDa-Bert @® kfold
mBERT XLM € foldsavg
BotXO DanskBERT ®  majority vote

Figure 7. Positive and negative mention macro F1 scores for each k-fold trained for the model
ensembles, including the averages across folds and the scores of the models” ensembles obtained
through majority voting fold predictions.

3.5. Data Ablation Subanalysis

Figure 8 illustrates the impact of increasing the amount of human-labeled training
data to better demonstrate how much expert-labeled data is necessary to achieve these
improvements over the rule-based system. For all findings (Figure 8a), larger training sets
slightly improved the accuracy of negative mentions, the most challenging class to learn.
However, this improvement was accompanied by a slight decrease in performance for
positive mentions. The H L?S;{jq training set demonstrated a marked drop in performance
across all five runs. We can find no explanation to support this unexplained sudden drop in
performance, which persisted over every model and on different training runs. Only BotXO
and mBERT’s performance gradually recovered, but with more variation. In the right part
of the figure (Figure 8b), the evaluations were limited to the most frequent findings, which
resulted in little to no variance among training runs, but they showed a slight decrease in
performance on HL2Y . More detailed results on data ablation are reported in Table A5
(Appendix C).
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Figure 8. Data ablation study on RB — HL, showing F1 score for positive (8) and negative (x)
mentions across five model training runs. Scores on RB are reported as H L?Z;in’ while H L}%O;/f refers
to RB — HL. (a) Results on all findings and (b) on most frequent findings.

Lastly, Table 4 summarizes the results presented, including those of experiments on
models trained exclusively on RB and HL. If no rule-based annotations were available,
the performance degraded drastically, to the point that RE performed better than machine
learning models trained on only 1600 samples.

Table 4. Weighted F1 score of the 49 findings for the HL test set, summarizing the results obtained
using different training sets and strategies. Extended results are available in Tables A1-A4 in

Appendix C.
RB HL RB — HL Ensemble

RE 0.667 - - -

© mBERT 0.702 0.566 0.732 0.766
1= BotXO 0.700 0.511 0.737 0.763
=3¢ MeDa-BERT 0.704 0.540 0.742 0.727
© XLM 0.701 0.532 0.736 0.748
1= DanskBERT 0.707 0.535 0.744 0.778

4. Discussion

The aim of this study was to classify Danish chest X-ray text reports by the abnormali-
ties mentioned by radiologists. An ensemble of predictions from the larger model trained
on more Danish data achieved the best overall classification performance, particularly
in negative mention detection. Machine learning models trained on a combination of
automatically and manually extracted labels outperformed classic rule-based methods.
Models pre-trained on Danish slightly outperformed multi-language models. Surpris-
ingly, the model trained on more high-quality Danish medical data did not benefit from
continued pre-training on the target domain data. Taken together, these results are en-
couraging for languages that lack good, open-weight pre-trained models, suggesting that
multi-lingual models may be used instead to achieve a similar performance. However, it
may still be necessary to adapt such a multi-lingual model to each language because it is
not straightforward to train a single classification model for many languages [29].

For comparison to English methods, Smit et al. [17] reported a weighted F1 score
of 0.798 for 14 findings on reports written in English and a radiologist benchmark of
0.805. While it cannot be directly compared, the proposed Danish method exceeded the
expectation of matching previous work results, as it achieved an F1 score of 0.882 on a
similar label set, although without an evaluation of the uncertainty extraction.
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The labeling protocol plays a crucial role when evaluating performance against human
annotators. Chen et al. claim that implementing a hierarchical taxonomy for label extraction
improves the labeling accuracy and reduces missing annotations [30]. However, classifi-
cation problems get harder when the set of classes increases [31]. All the tested machine
learning models, when limited to the most frequent findings, showed an improvement
in the macro F1 score, demonstrating that including less frequent abnormalities does not
imply a drastic drop in performance on the more frequent findings. However, to ensure
a better result for uncommon findings, more samples are required. When considering a
large and diverse set of findings, model ensembles showed an increase in the robustness
and generalization of the predictions. The expert-annotated data ablation study further
emphasized the importance of the quality and distribution of training dataset labels over
the dataset size. This result suggests that there might be less need for large sets of annotated
samples than expected if previous training on low-quality data is performed. A curated
distribution of findings may be more beneficial than increasing the dataset’s size.

Some challenges presented by this task were addressed by implementing and testing
a strategy for the creation of annotation tools for the classification of radiology reports;
creating or collecting different NLP methods for Danish and medical-domain Danish;
and addressing the variation in the performance of tools that were created using domain-
specific data. The limitations of this study include the difficult access to medical datasets
due to restricted access to radiology reports and the corresponding annotations. Since the
focus of this study was on a single dataset, it potentially limits the generalization of the
reported findings. Additionally, while this dataset did not necessitate the use of larger
language model context windows for analysis, reports from different clinical settings may
be longer and place critical information towards the end. No class-balancing techniques
were deployed in this study as the dataset was large enough to reflect the final target
distribution, but these may be advised when the distribution of classes and labels is highly
irregular and not representative.

In summary, the most effective model was the 125 million-parameter DanskBERT model
pre-trained on general-purpose text in our target language, with predictions determined
through majority voting from an ensemble of five such models. Methods developed for
English can also be applied to another language, such as Danish, but models benefit from a
bigger target language pre-training dataset. The combination of good-quality RegEx rules
and large language models proved essential to solve this task, and accessible, open-weight,
multi-language models are an adequate solution in the absence of language-specific models.

5. Conclusions

This study compared regular expression rules and machine learning models for de-
tecting medical findings within Danish radiology reports. The task was challenging as the
available methods have been developed mainly for English, and no such tools are available
for Danish. In general, large language models outperformed RegEx rules, particularly when
models were pre-trained on more Danish text, especially in capturing negative mentions.
Ensemble methods improved the model generalization. In this task, a detailed labeling
protocol did not hurt the performance of machine learning models on the most frequent
abnormalities. However, to achieve optimal performance on underrepresented findings,
the dataset size and its diversity must be prioritized. While this study is limited to a single
European language, future work might verify if the techniques developed for this study
can be applied to other Germanic languages or other Indo-European languages. Exploring
the integration of text-based findings with image classifiers could offer valuable insights
into potential performance improvements for the development of Al radiology solutions.
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Appendix A. Data Description

Count of mentions in the available data

:Abscess 5
:Aneurysm 3
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Figure Al. Distribution of labels in the dataset (550,233 samples in total), including annotations from
RB or HL when available. In black, the most frequent findings.
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Listing A1l. Hierarchical tree structure defined for the annotation of chest X-ray reports,
translated from Danish into English for readability.

Root
r—— Abscess
r—— Asbestosis
r—— Aspergillosis
r—— Cardiomegaly
r—— ChronicLungChanges
r—— ElevatedHemidiaphragm
r—— EnlargedMediastinum
-— LymphNodePathology
—-— MediastinalTumor
-— VascularChanges
L— Aneurysm
r—— Fibrosis
r—— FlattenedDiaphragm
r—— Fracture
r—— HiatusHernia
r—— Infiltrate
r—— CavitaryLesion
r—— Consolidation
r—— Diffuselnfiltrate
r—— Focallnfiltrate
‘—— NoduleTumorMass
r—— LungDecreasedTranslucency
r—— Atelectasis
r—— IncreasedInterstitial
r—— InterlobarThickening
t—— PleuralEffusion
r—— LunglncreasedTranslucency
r—— CystBullae
r—— Emphysema

L—— Pneumothorax

r—— LungSurgery

r—— MalignantCancer

—— MediastinalShift

t—— NotAbnormal

r—— OperationImplants

t—— PericardialEffusion

r—— PleuralChanges

tff PleuralContraction

—— PleuralThickening
L.~ PleuralCalcification

t—— Pneumomediastinum

—— Pneumonialnfection

—— Sarcoidosis

I—— StasisEdema

r—— SubcutaneousEmphysema

r—— SupportDevices

tff CorrectPlacement

—— NotCorrectPlacement

L—— Tuberculosis
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Appendix B. Implementation Details
Appendix B.1. Regular Expressions

The RegEx rules for RE were designed based on the manual review of sentences from the
training reports. These rules can be used as a formal shorthand for writing patterns that could
capture textual variations at the level of spelling, white space, synonyms, and typos, while remaining

o, rm
*

legible to subject matter experts. As such, generators like * (“*” matches zero or more occurrences
of the preceding element and can match many variations infinitely) and + (“+” matches one or
more occurrences of the preceding element) were excluded, and all RegEx patterns are finite. The
rules were designed by identifying phrases that were repeated in the reports or had the character
of medical observations and then passed to expert radiologists for coding, with examples drawn
from the text. To avoid having to manually account for conjugation, the patterns were expanded
to full strings, and both pattern strings and report sentences were tokenized (dividing the text into
individual words or subwords (tokens) for easier analysis) and lemmatized (reducing words to their
base or root form to standardize variations, i.e., [training,trains,trained] — train) to look for
matches. If patterns overlap, the longer match is chosen, which is typically the most specific. To
account for negations, Danish negation patterns were designed to be used with the NegEx algorithm
by Chapman et al. [24].

By design, the rule-based labeler only assigns a single label per match. In a hierarchical setting,
such a labeling strategy is incomplete because multiple related labels could be inferred from any one
observation. Concretely, the hierarchy is interpreted as an ontology of nested concepts: a mention
of Diffuselnfiltrate is also a member of the parent class Infiltrate and acquires a positive class label.
Another example is the sentence “The patient has diffuse infiltrates in the left lung.”,
which is a direct Diffuselnfiltrate finding or an indirect Infiltrate finding of the positive class. Given
direct memberships only, the indirect labels can be expanded by propagating any positive label up to
all of its ancestors. A negative mention cannot be propagated up, as the patient might have a positive
finding of a more generic type, but it can be propagated down instead, i.e., if the patient does not
have Infiltrate, they also do not have Diffuselnfiltrate. If there is a conflict, the positive label wins out.

Appendix B.2. Large Language Models

Instead of models trained only on English, the models used to solve this task were selected
based on their performance on the ScandEval Benchmark [32], which tests the capabilities of various
large language models for solving tasks in Scandinavian languages. The selected models were the
top-performing, which were fine-tuned on multi-language datasets (including Danish) or specifically
on Danish. All the models are open-weight and available through the HuggingFace Transformers
library. Thus, different BERTp 45 (BASE commonly refers to the smallest available size of a given
family of LLMs) and RoBERTag 45r [33] architectures were picked, given their general suitability for
this task [34].

mBERT, short for BERT base multi-lingual uncased [18], is a model with 110 million parameters
that was trained on a large corpus of 104 languages, including Danish, for the tasks of masked
language modeling and next sentence prediction. BotXO, short for the Danish BERT model by
BotXO [35], is a BERT model trained from scratch on 9.5 GB of Danish text. This model was expected
to achieve a higher performance compared to mBERT, as BotXO was trained in the target language.
MeDa-BERT, short for Danish medical BERT [36], was initialized from BotXO, and it was further fine-
tuned on a Danish medical corpus of 123 M tokens. Given that medical text was the language domain
of the task, an even better performance was expected. XLM, short for XLM-RoBERTa base [37], is
the multi-lingual version of RoBERTa, which outperforms multi-lingual BERT (mBERT) on a variety
of cross-lingual benchmarks. This model is larger than BERT, having 125 million parameters. It
was trained on 2.5 TB of data in 100 languages, including Danish text. DanskBERT, developed by
Sneebjarnarson et al. [38], is a RoBERTa base model further fine-tuned on 2.2 GiB of Danish text. Like
with BotXO, a better performance than that of the multi-lingual base model XLM was expected.
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Appendix C. Detailed Results

The following results refer to a single training experiment. In brackets is the variance defined as
the standard deviation from the mean for the set of 49 findings.

Table A1. Macro F1 score for the 49 findings on the HL test set for models trained only on the HL
training set. In bold, the absolute best score and the best score for the transformer models are underlined.
Compared to the RE method, no transformer alone was able to match its string-matching performance.

Positive F1 Negative F1 Weighted F1
RE 0.721 (0.65-0.79) 0.478 (0.40-0.55) 0.667 (0.61-0.73)
© mBERT 0.491 (0.39-0.59) 0.308 (0.20-0.41) 0.566 (0.48-0.65)
1= BotXO 0.455 (0.35-0.56) 0.279 (0.18-0.38) 0.511 (0.42-0.60)
1=4¢ MeDa-BERT 0.447 (0.34-0.55) 0.326 (0.22-0.43) 0.540 (0.45-0.63)
© XLM 0.471 (0.37-0.57) 0.299 (0.19-0.40) 0.532 (0.44-0.62)
t= DanskBERT 0.466 (0.36-0.57) 0.309 (0.21-0.41) 0.535 (0.44-0.63)

Table A2. Macro F1 score for the 49 findings on the HL test set for models trained only on the RB
training set. Best score per metric is highlighted in bold.

Positive F1 Negative F1 Weighted F1
RE 0.721 (0.65-0.79) 0.478 (0.40-0.55) 0.667 (0.61-0.73)
© mBERT 0.720 (0.65-0.79) 0.471 (0.40-0.55) 0.702 (0.64-0.76)
1= BotXO 0.722 (0.65-0.79) 0.463 (0.39-0.54) 0.700 (0.64-0.76)
i=4¢ MeDa-BERT 0.723 (0.65-0.79) 0.474 (0.40-0.55) 0.704 (0.64-0.77)
© XLM 0.718 (0.65-0.79) 0.473 (0.40-0.55) 0.701 (0.64-0.76)
1= DanskBERT 0.725 (0.65-0.80) 0.479 (0.40-0.55) 0.707 (0.64-0.77)

Table A3. Macro F1 score for the 49 findings on the HL test set for RB — HL models, but reporting
only the averages over the 14 most frequent findings. Best score per metric is highlighted in bold.

Positive F1 Negative F1 Weighted F1
RE 0.848 (0.80-0.89) 0.635 (0.46-0.81) 0.844 (0.80-0.89)
© mBERT 0.857 (0.80-0.91) 0.682 (0.50-0.87) 0.874 (0.83-0.92)
1= BotXO 0.860 (0.80-0.92) 0.721 (0.57-0.87) 0.881 (0.84-0.93)
t=4¢ MeDa-BERT 0.877 (0.83-0.92) 0.663 (0.46-0.87) 0.883 (0.84-0.93)
© XLM 0.868 (0.81-0.92) 0.653 (0.42-0.88) 0.879 (0.82-0.94)
1= DanskBERT 0.867 (0.82-0.92) 0.679 (0.47-0.88) 0.883 (0.84-0.93)

Table A4. Macro F1 score for the 49 findings on the HL test set for RB — HL model ensembles,
compared to RE. Best score per metric is highlighted in bold.

Positive F1 Negative F1 Weighted F1
RE 0.721 (0.65-0.79) 0.478 (0.40-0.55) 0.667 (0.61-0.73)
© mBERT 0.743 (0.67-0.81) 0.650 (0.57-0.73) 0.766 (0.71-0.82)
1= BotXO 0.726 (0.65-0.80) 0.693 (0.62-0.77) 0.763 (0.71-0.82)
1=4¢ MeDa-BERT 0.747 (0.67-0.82) 0.397 (0.28-0.51) 0.727 (0.66-0.79)
© XLM 0.756 (0.68-0.83) 0.516 (0.41-0.62) 0.748 (0.69-0.81)
1= DanskBERT 0.740 (0.67-0.81) 0.717 (0.63-0.80) 0.778 (0.72-0.83)
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Table A5. Results of the RB — HL models trained on only a percentage of HL;,,;,, averaged over
5 training runs.

10% 20% 30% 50% 80%

© mBERT Negative F1 0.478 0.478 0.521 0.372 0.493
Positive F1 0.699 0.695 0.699 0.684 0.664
Weighted F1 0.690 0.692 0.710 0.685 0.696

1= BotXO Negative F1 0.488 0.495 0.543 0.408 0.518
Positive F1 0.728 0.709 0.666 0.639 0.623
Weighted F1 0.711 0.708 0.695 0.666 0.677

t=4¢ MeDa-BERT Negative F1 0.472 0.478 0.504 0.372 0.418
Positive F1 0.723 0.729 0.665 0.652 0.628
Weighted F1 0.712 0.715 0.702 0.676 0.673

© XLM Negative F1 0.486 0.503 0.602 0.377 0.391
Positive F1 0.736 0.722 0.687 0.724 0.695
Weighted F1 0.722 0.720 0.722 0.711 0.700

1= DanskBERT Negative F1 0.466 0.468 0.536 0.372 0.385
Positive F1 0.726 0.716 0.660 0.657 0.628
Weighted F1 0.703 0.705 0.699 0.675 0.665

Appendix D. Negative Results

All machine learning methods outperformed RE when trained on the RB data. We conducted an
initial experiment using a BERT model fine-tuned on RB as the base model instead, so that the model
was then tuned on the labels predicted by the BERT model instead of RB. The model failed to converge,
thus leading to very poor results. This is reported in Table A6 as a negative result. A manual inspection
of the predictions on the human-labeled set revealed that DanskBERT(MLgp) overestimated the
number of mentioned findings, both positive and negative. Finally, DanskBERT(MLgrp — HL) broke
completely by always predicting the negative mention class for every finding except “NotAbnormal”,
which was always classified as a “positive mention”.

Table A6. Macro F1 score for the DanskBERT model trained on the labels produced by DanskBERT
trained on RB, named DanskBERT(MLgg), and how it compares to that of RB — HL and the same
model further fine-tuned on HL (DanskBERT(MLgp — HL)).

Positive F1 Negative F1 Weighted F1

DanskBERT(RB — HL) 0.72 0.65 0.76
DanskBERT(MLgp) 0.04 0.30 0.28
DanskBERT(MLgg — HL) 0.003 0.94 0.87
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