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Abstract—Natural language processing (NLP) techniques have
become increasingly significant in the medical domain. However,
the amount of relevant medical text data remains limited. In
this work, we propose a BERT-based multilingual simultaneous
learning (MSL) model for reducing the problem of scarce data.
We evaluate the benefit of MSL on the NTCIR-13 MedWeb multi-
label symptoms classification task. The results indicate that the
MSL model performs slightly better than Single-Task Learning
(STL) models. Additionally, it shows that the similarity between
languages has an impact on the performance of the MSL model.

Index Terms—multi-task learning, cross-lingual classification,
social media

I. INTRODUCTION

The advancement of digitalization in healthcare has facil-
itated the promotion of EHRs, which leads to a significant
increase in textual data. There is a growing interest in natural
language processing (NLP) techniques within the medical
domain [1]. However, the labeled data available for research
is still limited due to the domain specificity. Since medical ex-
perts are required to annotate the corpus, time and labor costs
are substantial. Moreover, numerous datasets are not publicly
available due to the sensitive nature of patient privacy concerns
[2]. This circumstance is more prevalent in non-English data,
and progress in corresponding research has been sluggish. The
imbalance in language resources can be remedied by utilizing
techniques suitable for multilingual environments.

Multi-task learning (MTL) has demonstrated its effective-
ness in various machine learning applications [3]. For a variety
of NLP problems, it has been applied to handle the limited
labeled datasets and to learn the common representations
between the relative tasks [4], [5].

In this work, we are inspired by MTL, utilizing its frame-
work to learn the multilingual corpus consisting of Japanese,
Chinese, and English simultaneously. In contrast to conven-
tional MTL, the tasks handled in this work are different only
at the sentence level. In particular, the input sentences are
in three different languages, while the output labels for each
sentence in each language are the same. We name this learning
process Multilingual Simultaneous Learning (MSL).

Our contributions are as follows:

o We propose a BERT-based model for simultaneous learn-

ing on the multilingual corpus.
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« We demonstrate the effectiveness of MSL on a multilin-
gual symptom classification task over single-task learning
(STL).

« Additional experiments applying the bilingual simultane-
ous learning (BSL) model are conducted to examine the
effect of language similarity.

o A comprehensive error analysis is provided to understand
the limitations of the MSL model.

II. RELATED WORK

As mentioned above, our method, MSL, is inspired by MTL.
Therefore, we provide the explanation of MTL first. MTL is
known as a form of transfer learning. It utilizes more valuable
information from multiple related tasks. Thus it empowers
these tasks to attain superior performance than STL. Besides,
the generalization performance of the model can be improved
as well [6].

In the context of healthcare, MTL has been applied to a
variety of tasks in NLP. Joshi et al. [7] have proposed an MTL
model based on BiLSTM to perform three health informatics
prediction tasks on tweets. The experiment demonstrated the
benefit of MTL in comparison with STL. Hartmann et al. [8]
have proposed a multilingual MTL model with hard parameter
sharing. The model combined three tasks: negation scope
resolution in clinical text, negation scope resolution in product
reviews, and detection of negated events. Furthermore, they
examined the cross-lingual transfer ability of the model. The
results showed that zero-shot scope resolution in the clinical
text is possible.

III. DATASET

We use the NTCIR-13 Medical Natural Language Progress-
ing for Web Document (MedWeb) dataset [9] in this work.
MedWeb provides manually created pseudo-Twitter messages,
covering three languages: Japanese, English, and Chinese.
Both English and Chinese corpora are translated from the
original Japanese messages. Each sentence is annotated by
eight labels: Influenza, Diarrhea, Hay fever, Cough, Headache,
Fever, Runny nose, and Cold. Table I shows examples of
pseudo-tweets for each language. A positive (p) or negative (n)
status is given to each symptom/disease label. Since a single
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TABLE 1
EXAMPLES OF PSEUDO-TWEETS FOR EACH LANGUAGE.

Lang Pseudo-tweets Flu Diarrhea Hay fever Cough Headache Fever Runny nose Cold
en I have a fever but I don’t think it’s the kind of
cold that will make it to my stomach.
n n n n P n P

ja B TR EBHEICKZABU 72 Z 5.
zh IRETR, RHEE .

message could contain multiple symptoms, the positive status
may be given to multiple labels.

IV. METHOD

In this study, BERT is utilized as the base model. We
construct the STL models and the multilingual simultaneous
learning (MSL) model to perform the multi-label classification
task.

The STL Models: STL is employed as the baseline. We
apply different BERT variants to perform the classification
tasks respectively for each language. The utilized variations
of BERT will be explicated in Section V.

The MSL Model: We construct the MSL model with
a soft parameter sharing method. This study utilizes BERT
as the base model. We divide the 12 Transformer layers into
the bottom, middle, and top layers. Generally, the bottom
layers of Transformers have the most information about linear
word order [10]. The middle layers are most predictive of
dependencies [11] and are the most transferable across tasks
[12]. The top layers learn the task-specific features [13].

Figure 1 shows the overview of our MSL model. Freeze
layers are the layers that will not update the weights during
fine-tuning. Share layers share the parameters between the
three models. The weights are updated depending on the three
tasks. Individual layers learn the task-specific features of each
language dataset. The weights are updated according to the
corresponding language’s own classification task. The F-S-I
(Freeze - Share - Individual) combination has been shown to
be the most effective in a study [14]. Therefore, we apply
this setting is applied in this study as well: the bottom layers
of BERT as the freeze layers, the middle layers as the share
layers, and the top layer as the individual layers. A linear
layer is added above the 12 Transformer layers to perform the
multi-label classification for each language.

V. EXPERIMENTAL SETTINGS

The following describes the models and parameters utilized
in this experiment.

a) BERT variants: For each language, we utilize both
the multilingual pre-trained models and the language-specific
monolingual BERT. For the multilingual pre-trained models,
we employ mBERT [15] and LaBSE [16]. For the language-
specific monolingual BERT, we employ bert-base-uncased '
for English, cl-tohoku/bert-base-japanesewhole-word-masking
2 for Japanese, and bert-base-chinese * for Chinese.

Uhttps://huggingface.co/bert-base-uncased
Zhttps:/huggingface.co/cl-tohoku/bert-base-japanese-whole-word-masking
3https://huggingface.co/bert-base-chinese
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b) The STL Models: We conduct the experiments for
each language with three different STL models: Single,,perT,
Singlero.pse, Single,ono. The subscript “mBERT”, “LaBSE”,
and “mono” represent the BERT variants used for each dataset.

¢) The MSL Models: As shown in Figure 1, three MSL
models are constructed: MSL,,sgrT, MSL1.oBSE, MSLpono-
For each MSL model, we perform the tests with various
numbers of layers of F-S-I to figure out the best combination.
The initial combination is 4-4-4 (Freeze layers: L1-4, Share
layers: L5-8, Individual layers: L9-12). Using the knowledge
from a paper [14], the combination 1-7-4 and 1-4-7 are the
most effective ones. Therefore, we examine three combinations
in total in the experiments.

The AdamW optimizer and binary cross-entropy were used
as the loss function. The learning rate was set as 5e-5 for
transformer layers and S5e-3 for linear layers. We set the
number of training epochs to 10. To prevent overfitting, we
applied the EarlyStopping mechanism. For each language,
1920 sentences were used for training and 640 for testing. The
performance was evaluated based on exact match accuracy.

VI. RESULTS

1) The suitable BERT variant and layer combination: Table
II shows the exact match accuracy of the three MSL models
with different F-S-I layer combinations. The first column
denotes the size of the freeze, share, and individual layers
we set. The boldface values are the highest accuracy for each
language. The values with “*” denote the highest accuracy for
each language in each model. The MSL model using LaBSE
provided high results on the average of the three languages.
In terms of layer combination, the 1-7-4 setting showed the
best overall performance. It is apparent from Table 2 that 1-
7-4 attained the highest results for most languages with any
BERT variants.

TABLE I
THE ACCURACY OF THE THREE MTL MODELS WITH DIFFERENT F-S-1
LAYER COMBINATIONS.

F-S-I [ en ja zh
MSLywBERT

4-4-4 | 0.827 0.863* 0.845
1-7-4 | 0.834*  0.850 0.856*
1-4-7 | 0.830 0.861 0.834
MSLyoBSE

4-4-4 | 0.827 0.855 0.873*
1-7-4 | 0.848* 0.869* 0.866
1-4-7 | 0.836 0.866 0.864
MSLmono

4-4-4 | 0.822 0.847 0.859
1-7-4 | 0.817 0.850* 0.877*
1-4-7 | 0.836* 0.830 0.855

101



English Classifier

Japanese Classifier

Chinese Classifier
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Japanese Dataset

!

Chinese Dataset

Fig. 1. The architecture of the MSL model.

2) Comparison with STL: Since the 1-7-4 layer combi-
nation was the best, we used the MSL models with this
setting to compare with the STL models. The results are
shown in Table III. The boldface values denote the highest
accuracy for each language. First, we compared the MSL
models with the STL models that employed the corresponding
BERT variants (MSL,,pgrr VS. Single.,,sprr, MSLLoBSE
vs. Singleropsg, MSLyono VS. Singlepono). We calculated
the difference between the performance of the MSL models
and the STL models (A). The reported A are averaged across
all the languages. Overall, MSL tended to outperform STL, but
the effect was not significant. Next, all the MSL models were
compared to Single,,on, because it was the best-performing
model among the STL models. We reported A,,ono for the
comparison. The results show that only the MSL model
employed LaBSE was better than the Single,,on0. Despite that,
our results surpass the previous work [17] that utilized the
BERT model pre-trained with Japanese clinical test.

TABLE III

THE COMPARISON OF THE ACCURACY BETWEEN MSL AND STL.
Model [ en ja zh A Amono
Baseline (STL)
SinglemBERT 0.794 0.855 0.852
Singler,oBSE 0.805 0.861 0.844
Singlemono 0.838 0.856 0.873
MSL(1-7-4)
MSL,,BERT 0.834 0.850 0.856 +0.014 -0.009
MSL;,.BSE 0.848 0.869 0.866 +0.024  +0.005
MSLyono 0.817 0.850 0.877 -0.008 -0.008

A denotes the difference between the average performance of the
MSL models and the STL models employed the corresponding
BERT variants.

Amono denotes the difference between the average performance of
the MSL models and Singlemono.

Table IV shows the label-wise F1 score for each language
of the MSL;,psg(1-7-4). It can be seen that the F1 values
of runny nose and cold for English were lower than those for
Japanese and Chinese. This point will be discussed in the error
analysis in Section VIII-B.

To sum up, the proposed model (MSL) does not always
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outperform the models that are specifically fine-tuned with
each language (e.g., the accuracy of zh in MSL;,psg and
Singleono). However, the experimental result implies the
potential merits of the models based on MSL.

VII. ADDITIONAL EXPERIMENTS ON BILINGUAL
COMBINATIONS

Conneau et al. [18] showed that language similarity af-
fects the cross-lingual transfer capability of multilingual pre-
training models such as mBERT. Therefore, in this study,
additional experiments were conducted to investigate the effect
of language similarity on the MSL models. We created the
Bilingual Simultaneous Learning (BSL) models by combining
the three languages two by two. Figure 2 shows the architec-
ture of the BSL model (Japanese-Chinese pair).

Bilingual Simultaneous Learning

Japanese Classifier Chinese Classifier

mBERT/LaBSE/BERTjp mBERT/LaBSE/BERTzh
Transformer 12 Transformer 12

English Classifier

mBERT/LaBSE/BERTen
Transformer 12

Transformer n+1 Transformer n+1 Transformer n+1

Transformer n Transformer n -~

-~ Transformer m+1

Transformer m+1 Transformer m+1

Transformer m Transformer m Transformer m

Transf'cIImer 1 Transf.él.'mer 1

!

Japanese Dataset Chinese Dataset 1

Transf'cIImer 1

!

English Dataset

I
I
I
I
Il'ransformer rI I
I
I
I
I

Fig. 2. The architecture of the BSL model.

Linguistically, English and Chinese have similar grammat-
ical structures. Japanese and Chinese have similar surface
forms. English and Japanese have the lowest language sim-
ilarity among the combinations. We performed three sets
of tests: English-Chinese, Japanese-Chinese, and English-
Japanese. The results are shown in Table V. We only report
the performance of the MSL(1-7-4) without en, as no signif-
icant improvement in performance was observed in without
ja and without zh. The Japanese-Chinese pair demonstrated
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TABLE 1V
THE LABEL-WISED F1 SCORE FOR EACH LANGUAGE OF THE MSL},,gsr(1-7-4).

Lang | Flu Diarrhea | Hay fever | Cough | Headache | Fever | Runny nose | Cold
en 0.692 0.968 0.864 0.963 0.968 0.825 0.868 0.889
ja 0.769 0.954 0.876 0.951 0.954 0.872 0.926 0.905
zh 0.644 0.968 0.863 0.958 0.974 0.864 0.909 0.895
TABLE V nearby). We manually categorized eight FP (False-Positive)
THE ACCURACY OF THE BSL MODELS. error cases and four FN (False-Negative) error cases based on
Model ‘ Ta 7h A Aooro these principles. The following part will analyze each case in
Baseline detail.
Singlemono ‘ 0.856 0.873
MSL(1-7-4) A. Common Error
MSL1oBSE 0.869 0.866 +0.002
MSLmono 0.850 0.877 -0.002 Case 1: Overlapping. This type of error occurred due
BSL(MSL without en) to the inability to understand words with multiple meanings.
BSL1,.BSE 0.873 0.866 +0.005 +0.005 . .
BSLomoms 0.869 0.870 +0.006 +0.005 In example 1, the word headache is used metaphorically to
The values of Singlemono, MSLiapsm: MSLmono is the same as ~ €Xpress a complaint to the boss rather than express a clinical
Table III. symptom. The MSL model misunderstood the sentence and

A denotes the difference between the average performance of the BSL
models and the original MSL models employed the corresponding
BERT variants.

Amono denotes the difference between the average performance of the
BSL models and Singlemono.

the highest exact match accuracy among all the groups that
were tested. The average accuracy of the BSL was higher
compared to that of the MSL combined three languages A.
Compared with the best baseline, Single,,ono, it also obtained
higher performance (A,;0no). In addition, the BSL model
with LaBSE showed the highest accuracy in Japanese among
all experiments. These results suggest that the degree of
correlation between languages, especially the similarity of the
surface forms, has an impact on the performance of the MSL
model.

VIII. ERROR ANALYSIS

We investigated the prediction errors made by the MSL
model. The error analysis was conducted on MSL;.psk
(1-7-4) since it demonstrated superior performance in the
previous experiment. We extracted all the incorrectly predicted
sentences and corresponding labels and states from the test
dataset for each language. It can be found that the model
incorrectly classified some identical sentences in all three
languages. These common errors represent the shared error
patterns across the languages. There are also some errors
that are specific to each language. These errors highlight the
influence of linguistic features and translation nuances on the
classification performance. We manually categorized all these
error sentences, resulting in 12 distinct cases. Table VI shows
the cause and corresponding example of each case, while Table
VII reports the statistics of the 12 cases.

The sentences in the MedWeb dataset were annotated based
on three principles: Factuality (whether the Twitter user has
a particular symptom or not), Tense (whether the symptoms
exist within 24 hours or not), Location (whether the symptoms
described are experienced by the Twitter user or someone
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incorrectly predicted that “Headache” is positive.

Case 2: Symptoms mentioned in general topics. As
example 2, some tweets just express health-related discussions,
roasts, or questions, rather than stating the tweeter’s own
symptoms. The MSL model could not distinguish between
symptoms described as general topics and those actually
occurring in people.

Case 3: Denied symptoms. This case pertains to the
instances in which sentences contain negative expressions
about symptoms. The MSL model failed to judge the negative
expression or the scope of negation.

Case 4: Suspected symptoms. This type of error usually
occurs in “Flu”. In example 4, the tweeter suspected of having
the flu, but it did not necessarily imply experiencing symp-
toms. The MSL model was unable to identify the symptoms
that were only suspected.

Case 5: Fully recovered symptoms. According to the
MedWeb annotation criteria, symptoms were labeled positive
if they were in the recovery process and as negative if they
had been fully recovered. The MSL model could not recognize
the representation such as “went away” in example 5, and still
predicted “Diarrhea” as positive.

Case 6: Past symptoms. This was categorized as Tense.
In example 6, the tweeter stated an experience where he/she
had a cold, and the symptoms had already passed. This error
shows that the MSL model was insensitive to the past tense.

Case 9: Symptoms that are directly expressed. Despite
that the sentences directly express the symptoms, the MSL
model failed to predict them correctly.

Case 10: Implied symptoms. In contrast to Case 9, sen-
tences in Case 10 employ allusions and metaphors to convey
the symptoms indirectly. In example 10a, although the tweeter
did not directly state that he/ she experienced hay fever, it can
be inferred through the context. It was difficult for the MSL
model to detect the symptoms that needed to be inferred.

Case 11: Symptoms that are in the recovery process.
Based on the MedWeb annotation criteria, symptoms in the
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TABLE VI

THE DETAILS OF 12 CASES OF ERRORS.

Error No. Cause of the error Example sentence Inco'r rfect
prediction
1 Overlapping Difficult bosses are one kind of headache. Headache pos.
2 Symptoms mentioned in general topics Not a lot of people stay home from school due to allergies. gsznfye\fgslem};)s,
3 Denied symptoms I thought I had the flu so I went to the doctor, Influenza pos.
i ) but I got tested and I was wrong. Fever pos.
FP 4 Suspected symptoms Seems I've had the flu since last night. {:nﬂuenza POs.
ever pos.
5 Fully recovered symptoms My diarrhea went away when I played soccer. Diarrhea pos.
My cold this round was awful. It started with a high temperature, Cough pos.
6 Past symptoms o . s . Fever pos.
and a cough that wouldn’t go away.. Cold
old pos.
(en) With my out-of-it head, I just figured it out, I have a cold. Runny nose pos.
7 | Co-occurring symptoms Ga) RO WCTRAFIEES E5< T DIRAE L. :
zh) BE T AT IEERFEZ T 5. -
(en) I have allergies, so I'm already super scared of next spring. -
8 Symptoms not yet occur (a) FEIZTERNEZR D TS D & FE DB\, Runny nose neg.
(zh) FE OB RERT DL TR B AR O ki - Runny nose neg.
9 Symptoms that are directly expressed Allergy season is so exhausting. gﬁznl;e\;egs:efe.g.
a The people who are saying there’s not a lot of pollen today Hay fever neg.
don’t have allergies, so... Runny nose neg.
FN 10 [ | Implied symptoms (en) I caught a cold and took a decongestant. Runny nose neg.
b Ga) B OWTRANEEZ LS5 T OMAL L. -
zh) BE T AT IEERRZTH- -
11 Symptoms that are in the recovery process | I took medicine and my congestion stopped like that. gginf;\:;ggefég
(en) Please no diarrhea today, I have an important interview. Diarrhea neg.
12 Misunderstanding about denied expression (ja) SHIZAKFAMEARDT FHAATZWVEE DIXEIF L T L . _
(zh) 5K IE B BT e H T DU R L X FE R o e | 3 - -

TABLE VII
THE STATISTIC OF 12 CASES OF ERRORS.

Number of errors
No. | Category Language
Common specific Total
en [ ja| zh [ en [ ja | zh
1 Factuality 1 1 2 - 3 4 3
2 Factuality 11 1 3 6 14119 | 24
3 Factuality 3 - - 1 3 5 6
4 Factuality 8 - 1 1 8 9 9
5 Factuality 4 2 - 1 7 5 5
6 Tense 2 - 2 - 3 3 3
7 Factuality - 4 - - 4 - -
8 Tense - - 1 - - 2 2
9 Factuality 4 8 3 4 13 110 | 10
10 | Factuality 5 16 | 3 3 (23] 14 14
11 Factuality 3 1 - - 4 3 3
12 | Factuality - 2 1 - 2 1 -

recovery process would be annotated as positive. The MSL
model could not predict the duration of having symptoms.

B. Language-specific errors

1) Language-specific errors for English:

Case 7: Co-occurring symptoms. Example 7 expresses
that the cold is positive, but the MSL model detected both cold
and runny nose as positive. Interestingly, we find that this type
only occurred in the English corpus. According to the MedWeb
annotation, there are 2 types of sentences when annotating
cold. In type 1, only cold was labeled as positive. While in type
2, cold and other symptoms (mostly runny nose) were positive
simultaneously. For these 2 types of annotation, both Japanese
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and Chinese have corresponding keywords to represent cold. In
Japanese, there are “&JEAS (nose cold)” and “J&JE (cold)” to
distinguish different types of cold. Specifically, when there is
“& AR, both cold and runny nose are positive. When there
is “JEAR”, only cold is positive. Similarly, in Chinese, there are
“f5 X" (wind damage) and “/B¢'E” (cold). However, English
has only one expression of “cold” for both types. This is
one possible reason why English has lower performance for
cold and runny nose than Japanese and Chinese.

Case 12: Misunderstanding about denied expression. In
example 12, it is evident from the context that the tweeter
was suffering from diarrhea. However, the MSL model mis-
understood the denied word “no” and predicted it as negative.
This type of error is more likely to occur in English because
Chinese and Japanese have a broader lexicon for expressing
negation, rather than directly using the negation words such
as “no” and “not”.

As Table VII shows, the English-specific error in FN for
implied symptoms (Case 10) corresponds to a considerable
number. As shown in example 10b, the sentences that were
incorrectly predicted contain more expressions of taking the
medicine. In the training data, Japanese and Chinese tend to
use the symptom name directly. Moreover, the expressions for
medicine are often in a broad sense without specifying the
medication type. In contrast, English tends to use a specific
type of medicine to imply the symptoms. This type of error
shows the lack of medicine-related knowledge in the MSL
model.

2) Language-specific errors for Japanese and Chinese:

104



Case 8: Symptoms not yet occur. This type of error was
categorized as Tense. In example 8, it can be inferred that the
tweeter is not yet showing the symptoms of hay fever, but the
MSL model could not recognize the tense.

Overall discussion for errors: The analysis above reveals
that errors related to the factuality of symptoms constitute a
significant proportion. The reason why errors related to tense
and location are less common may be because MedWeb lacks
the relevant data. Overall, FP for symptoms mentioned in
general topics is the most frequent type of error. The MSL
model encountered challenges in making a judgment about
whether tweeters were stating their own symptoms or talking
about general topics. Additionally, the total counts in Table
VII show that Japanese and Chinese are more likely to have
this type of error than English. In terms of linguistic features,
Japanese and Chinese tend to omit the subject whenever
describing their own condition or discussing general topics.
English, on the other hand, tends to use “I” to state personal
symptoms.

While for the English corpus, the most frequent error is FN
for implied symptoms. Among the total of 23 error sentences,
a majority contained a representation of taking medicine.
Compared to the other 2 languages, English tends to imply
symptoms with the specific medicine. Since the model lacked
medicine-related knowledge, it failed to detect those implied
symptoms.

IX. CONCLUSION

In this paper, we proposed the Multilingual Simultaneous
Learning (MSL) model using BERT with soft parameter shar-
ing. We evaluated the MSL model on a multi-labeled symptom
classification task. The results suggested that the MSL model
performed better than the STL models. However, in some
cases, it could not surpass the language-specific monolingual
BERT. In addition, we conducted additional experiments and
created Bilingual Simultaneous Learning (BSL) models. The
Japanese-Chinese pair exhibited the best performance com-
pared to all other tests. This result indicated that the similarity
of surface forms between languages affects the performance
of the MSL model.

A detailed error analysis was conducted to reveal the
limitations of the MSL model. We manually categorized 12
cases of errors and analyzed them from both common and
language-specific perspectives. The analysis results implicated
the importance of improving sentence subject recognition and
medical understanding. Further work needs to be done to
verify the effectiveness of the model on data of different sizes
in other languages.
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