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ABSTRACT  Transformer-based models have shown outstanding results in natural language processing
but face challenges in applications like classifying small-scale clinical texts, especially with constrained
computational resources. This study presents a customized Mixture of Expert (MoE) Transformer models
for classifying small-scale French clinical texts at CHU Sainte-Justine Hospital. The MoE-Transformer
addresses the dual challenges of effective training with limited data and low-resource computation suitable
for in-house hospital use. Despite the success of biomedical pre-trained models such as CamemBERT-bio,
DrBERT, and AliBERT, their high computational demands make them impractical for many clinical settings.
Our MoE-Transformer model not only outperforms DistillBERT, CamemBERT, FlauBERT, and Transformer
models on the same dataset but also achieves impressive results: an accuracy of 87%, precision of 87%, recall
of 85%, and F1-score of 86%. While the MoE-Transformer does not surpass the performance of biomedical
pre-trained BERT models, it can be trained at least 190 times faster, offering a viable alternative for settings
with limited data and computational resources. Although the MoE-Transformer addresses challenges of
generalization gaps and sharp minima, demonstrating some limitations for efficient and accurate clinical text
classification, this model still represents a significant advancement in the field. It is particularly valuable for
classifying small French clinical narratives within the privacy and constraints of hospital-based computational
resources.

INDEX TERMS Clinical natural language processing, cardiac failure, BERT, Transformer, Mixture of
Expert.

Clinical and Translational Impact Statement—This study highlights the potential of customized MoE-
Transformers in enhancing clinical text classification, particularly for small-scale datasets like French clinical
narratives. The MoE-Transformer’s ability to outperform several pre-trained BERT models marks a stride
in applying NLP techniques to clinical data and integrating into a Clinical Decision Support System in a
Pediatric Intensive Care Unit. The study underscores the importance of model selection and customization
in achieving optimal performance for specific clinical applications, especially with limited data availability
and within the constraints of hospital-based computational resources.

I. INTRODUCTION language processing (NLP) tasks [2]. As a result, there
ECENT advancements in deep learning have led to is a growing interest in applying Transformer-based mod-
the development of Transformer models [1], which els to clinical applications, such as predicting disease

have shown remarkable performance in various natural risk [3], identifying disease [4], and improving clinical
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decision-making [5]. These models can be trained on various
data sources, including electronic health records (EHRs) [6],
and medical imaging [7], electroencephalogram [8], to extract
relevant information and provide accurate predictions. Over-
all, Transformer models present a powerful tool for clinical
applications and can potentially play an increasingly impor-
tant role in healthcare.

In clinical NLP, Transformer models have shown great
promise in clinical narrative classification. In this con-
text, clinical narrative refers to patient encounters in EHRs
or other clinical documentation. Using Transformer mod-
els, researchers and clinicians can develop algorithms that
automatically classify these narratives based on different
criteria, such as diagnosis, treatment, or patient outcomes.
This can help streamline clinical workflows and improve
patient care by providing more accurate and efficient clinical
data processing. Some examples of successful applications
of Transformer models for clinical narrative classification
include identifying clinical coding [9], diagnosing health
conditions [10], and detecting clinical events [11]. As such,
Transformers-based models have become an increasingly
important tool in clinical NLP and are likely to continue
playing a significant role.

Despite their many benefits, Transformer models for
clinical text classification have some limitations that must
be considered. One major challenge is the need for large
amounts of annotated clinical data to train these models
effectively. Clinical data is often scarce and sensitive, which
makes it challenging to obtain and annotate in a way that pre-
serves patient privacy [12]. Additionally, clinical language is
highly specialized and can vary significantly across different
specialties and regions, making it difficult to develop models
that generalize well across different contexts [13]. There is
a risk of bias in the data used to train these models, leading
to errors or disparities in the predictions made [14]. Further-
more, the computational requirements of Transformer-based
models can be pretty high, which can limit their use in
resource-constrained settings where computational resources
are limited [15]. Finally, the interpretability of these models
can be limited, making it difficult for clinicians to understand
how they make their predictions and trust their outputs [16].
While Transformer models have great potential for clinical
text classification, they also require careful attention to their
limitations and the potential biases that can arise.

Additionally, engaging with real clinical data presents var-
ious challenges and constraints. A primary issue is the limited
availability of clinical data, compounded by its inherently
confidential nature. In addition, computational resources
are constrained as we rely on a shared cloud computing
infrastructure hosted on the hospital server. The hospital’s
server is the sole environment permitted for data process-
ing and suffers from limited computational capacity. This
presents a significant bottleneck, especially when develop-
ing sophisticated machine learning algorithms that demand
high computational power to provide real-time analysis and
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predictive insights. Another challenge is that clinical datasets
are often small and imbalanced, making it difficult to train
accurate models using Transformer [17]. Small datasets can
also lead to overfitting, where the model performs well on
the training data but fails to generalize to new data. When
there is insufficient data, the Transformer model does not
learn to focus on local features in the lower layers of the
network. This may result in reduced model performance, as it
cannot effectively capture relevant information from the input
data [18]. Overall, while Transformer models offer many
advantages for clinical text classification, their effectiveness
is influenced by the data’s language and the training dataset’s
size and quality.

This study aims to overcome the abovementioned chal-
lenges using Transformer-based models for clinical text
classification for a small French clinical note and constrained
computation resources. Motivated by the recent Switch
Transformer model developed by Google [19], we will adapt
the Mixture of Experts (MoE) mechanism to improve the
performance of the Transformer model, namely the MoE-
Transformer. A MoE-Transformer is an extension of the
Transformer architecture motivated by the original model’s
self-attention mechanisms. Still, it uses an MoE mechanism
to address the limitations of the conventional Transformer [1].
A key technical difference between MoE-Transformers with
an MoE mechanism and Transformers with self-attention
is how they model complex input-output relationships.
An example of the effectiveness of MoE has been proven
by [20]; that study shows that the approach of using parameter
sharing to compress along the depth of the model, which is
used in existing works, is limited in terms of performance.
To improve the model’s capacity, the authors propose scal-
ing along the model’s width by replacing the feed-forward
network with an MoE layer. This allows for better modeling
capacity and potentially better performance.

Additionally, the study [21] suggests that simply increas-
ing the model’s size is insufficient to address the issue of
performance degradation over time from neural language
models. However, the researchers found that using models
that continuously update their knowledge with new infor-
mation can help alleviate this problem. While Transformers
with self-attention model these relationships through a sin-
gle attention mechanism that captures dependencies between
all input and output positions, MoE-Transformers with an
MoE mechanism decompose the problem into smaller, sim-
pler sub-problems, each handled by a different “expert”
model. In other words, instead of using a single global atten-
tion mechanism, MoE-Transformers employ multiple local
attention mechanisms focusing on different input aspects.
Depending on the context, the gating mechanism used in
MoE-Transformers selects which expert model to use for a
given input. Therefore, this approach can potentially improve
the modeling of complex input-output relationships and
increase the model’s efficiency, especially when dealing with
complex data from the clinical domain. This is particularly
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important in clinical data, where information is often con-
veyed through complex and nuanced language. By employing
this approach, our study aims to improve the accuracy and
generalizability of clinical text classification models for small
datasets in languages other than English. We have made
several significant contributions to clinical text classification
using Transformer-based models.

o First, our study demonstrates a comprehensive imple-
mentation of a simplified MoE-Transformer model, and
trained from scratch. This would allow other researchers
to understand and replicate the methodology used in the
study, which is essential for advancing this work.

o Second, our study provides experimental evidence
showing the limitations of Transformer-based models
regarding generalization gap and sharp minima. This
highlights the importance of carefully training these
models to avoid overfitting and improve generalization
performance.

o Finally, our study illustrates the interpretable output
of the model by adapting the Integrated Gradients
(IG) [22]. It provides a way to attribute importance to
the input features of a model, allowing clinicians and
researchers to gain insight into how the model is making
its predictions.

The main contribution of this work is the introduction of
a carefully curated, small-scale French clinical text dataset
from CHU Sainte-Justine (CHUSJ) Hospital, which can
serve as a valuable benchmark for resource-constrained NLP
research in healthcare. Moreover, our findings demonstrate
the feasibility of deploying the proposed MoE-Transformer
in a practical clinical decision support system (CDSS), even
when both the available data and computational resources are
minimal.

Il. MATERIALS AND METHODS

A. FRENCH CLINICAL DATA at CHUSJ

The CDSS system in the CHUSJ hospital aims to improve
the diagnosis and management of acute respiratory distress
syndromes (ARDS) in real-time by automatically screening
data from electronic medical records, chest X-rays, and other
sources. Previous studies have found that the diagnosis of
ARDS is often delayed or missed in many patients [23],
emphasizing the need for more effective diagnostic tools.
To diagnose ARDS, three main conditions must be detected:
hypoxemia, chest X-ray infiltrates, and absence of cardiac
failure [24]. The research team at CHUSJ has developed
algorithms for detecting hypoxemia [25], analyzing chest
X-rays [26], [27], and identifying the absence of cardiac
failure. In addition, the team has performed extensive anal-
yses of machine learning algorithms for detecting cardiac
failure from clinical narratives using natural language pro-
cessing [28], [29]. Implementing these algorithms could
increase ARDS diagnosis rates and improve patient out-
comes.
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FIGURE 1. Workflow demonstration of the proposed methodology to
classify French clinical narratives at CHUS) hospital.

This study was conducted following ethical approval
from the research ethics board at CHUSJ (protocol number:
2020-2253), and the study’s design focused on identifying
cardiac failure in patients within the first 24 hours of admis-
sion by analyzing admission and evolution notes during this
initial period. The dataset consisted of 580,000 unigrams
extracted from 5,444 single lines of short clinical narratives.
Of these, 1,941 cases were positive (36% of the total), and
3,503 cases were negative. While the longest n-gram was
over 400 words, most n-grams had a length distribution
between 50 and 125 words. The average length of the num-
ber of characters was 601 and 704, and the average size of
the number of digits was 25 and 26 for the positive and
negative cases, respectively. We pre-processed the data by
removing stop-words and accounting for negation in medical
expressions. Numeric values for vital signs (heart rate, blood
pressure, etc.) were also included and decoded to account for
nearly 4% of the notes containing these values. All the notes
are short narratives; detailed characteristics for the notes at
CHUSIJ can be found in the Supplementary Materials from
the study [28].

B. LANGUAGE MODELS for CLINICAL NARRATIVES

This manuscript thoroughly analyzes the present state of
pre-trained BERT-based models and Transformer models for
clinical narrative classification, with a particular emphasis
on limited datasets. Various pre-trained BERT-based models
for the French language are leveraged, such as FlauBERT,
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FrALBERT, CamemBERT, and DistilBERT, as depicted in
Fig. 1. Moreover, conventional and MoE-Transformer mod-
els are constructed from scratch to perform the same task.
Finally, we compare the performance of all models based on
various evaluation metrics for binary classification, including
accuracy, precision, recall, F1-score, and area under the curve
(AUC). This study endeavors to offer insights into the effi-
cacy of these models on limited datasets, which is a critical
aspect in real-world clinical settings for non-English notes.

1) TRANSFORMER-BASED MODELS

Transformer-based models have been highly effective for
various NLP tasks, including text classification. The conven-
tional Transformer model [ 1] with multi-head self-attention is
a widely used architecture for this task. Shown in Fig. 2 (left),
its architecture comprises an encoder consisting of multiple
layers of multi-head self-attention and feedforward neural
networks (FFN). The multi-head self-attention mechanism
allows the model to weigh the importance of different words
in a sequence based on their semantic relationships, while
the FFNs transform the output of the self-attention layer
into a more helpful representation. The Transformer’s core is
the self-attention mechanism based on mathematical expres-
sions [31]. Given a sequence of input embeddings xi, . . ., Xy,
the self-attention mechanism computes a set of context-aware
embeddings Ay, ..., h, as follows:

hi = Attention(QWZ, KWK, vwY) (1)

where Attention is the scaled dot-product attention function:

Attention(Q, K, V) = softma (QKT) 1% 2)
i LK, V)= X
Vi

Then, the multi-head attention is a concatenation of all head
of h;, as follows:

MultiHead(Q, K, V) = Concat(hi, ..., h)W?  (3)

Additionally, the position-wise FFNs are multi-layer per-
ceptrons applied independently to each position in the
sequence, which provide a nonlinear transformation of the
attention outputs. FNNs are calculated as follows:

FEN(x) = ReLU&XW; + b1)W> + by “4)

For each layer, there is a Layer Normalization which nor-
malizes the inputs to a layer in a neural network to improve
training speed and stability.

LayerNorm(x) = y a ; i + B 5)
€

Vo +

where Q, K, and V are the query, key, and value matrices,
Wl.Q, WiK , and Wl.v are the learned weight matrices for the i-
th head of the multi-head attention, W, and W, are the weight
matrices for the position-wise FFNs, y and B are learned
scaling and shifting parameters for layer normalization, and u
and o are the mean and standard deviation of the input feature
activations.
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By performing these steps for each layer in the encoder
and decoder, the multi-head self-attention mechanism allows
the Transformer architecture to capture rich semantic rela-
tionships between different words in a sequence and is
highly effective for a wide range of NLP tasks. However, the
conventional Transformer architecture has some limitations.
One of the main issues is that the self-attention mechanism
requires quadratic computation time concerning the input
sequence length, making it difficult to scale the model to
very long sequences [32], and lower generalizability for a
short sequence [12]. Additionally, the self-attention mecha-
nism treats all positions in the input sequence equally, which
may not be optimal for certain types of inputs where some
positions are more critical than others. While the Transformer
model has shown great performance, it can still struggle to
capture complex input-output relationships requiring more
specialized models.

Motivated by study [19], the MoE structure attempts to
address these limitations. The MoE mechanisms decompose
the problem into smaller, simpler sub-problems, allowing
the model to handle sequences and complex input-output
relationships better. As mentioned earlier, the multi-head self-
attention mechanism in the Transformer model is motivated
by the need to capture semantic relationships between words
in a sequence, but it has limitations when dealing with short
sequences [12]. The MoE mechanisms allow the model to
divide the sequence into smaller, more manageable segments
and apply different experts to each segment [33]. Hence,
it can overcome the limitations by increasing the capacity of
the FFNs of conventional Transformers [34]. Consequently,
this approach has improved the model’s sequence task classi-
fication performance and achieved state-of-the-art results on
several benchmarks [20], [21], [35].

The critical difference in the mathematical equation of the
MoE-Transformer compared to the conventional Transformer
is replacing the FFN with the MoE mechanism, shown in
Fig. 2. In the conventional Transformer (left), the FFN con-
sists of two linear layers with a ReLU activation function in
between. On the other hand, the MoE mechanism (right) uses
a set of expert networks to learn different aspects of the input
data and then combines their outputs with a gating network.
It allows the model to dynamically choose between multiple
sets of parameters (i.e., expert modules) based on the input.
This contrasts the original Transformer model in Eq. 4, which
uses a fixed set of parameters for all inputs. Formally, the
MoE mechanism in the MoE-Transformer can be represented
by the following equation:

a = gi(E(x) 6)
ieT

where g;(x;) is a gating function that determines the impor-
tance of expert module i for input x;, and e;(x;) is the output
of expert module i for input x;. The top-k gate values are
selected for routing the token x. If 7 is the set of selected
top-k indices, then the output computation of the layer is the
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FIGURE 2. lllustration of a conventional transformer [30] (left), an MoE-Transformer (middle), and the detailed MoE block (right).

linearly weighted combination of each expert’s computation
on the token by the gate value.

Next the MoE layer will take as an input a token repre-
sentation x and then routes this to the best-determined top-k
experts, selected from a set {E,'(x)}f.v= | of N experts. The
router variable W, produces logits h(x) = W, - x which are
normalized via a softmax distribution over the available N
experts at that layer. The gate-value for expert i is given by,

gi(r) = —o RO ™
ijl exp(h(x);)

The gating network mechanism is implemented by learning
the parameters of the gating functions, which are used to
select the expert modules dynamically. This allows the model
to adapt to different input distributions and perform better on
various tasks. Here is a summary of how the MoE mechanism
works in the MoE-Transformer:

1) The input is split into multiple subspaces, and each
subspace is processed by a separate expert. Each expert
is a separate neural network trained to specialize in a
specific subset of the input space.

2) The output of each expert is a vector that represents its
prediction for the given input subspace.

3) A gating mechanism selects the most relevant expert
for a given input. This gating mechanism takes the
input and produces a set of weights that determine the
importance of each expert’s prediction.

4) The final output is a weighted combination of the
experts’ predictions. The weights used in the combi-
nation are determined by the gating mechanism.

Overall, the MoE allows the MoE-Transformer to learn
complex patterns in the input space by leveraging the spe-
cialized knowledge of multiple experts. The MoE framework
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enables the model to learn from multiple experts, each spe-
cialized in different aspects of the data, and combine their
outputs to achieve better performance. This can lead to better
performance on tasks requiring understanding inputs and
offers a promising solution to the challenge of small datasets
in clinical text classification. Consequently, this study uses its
ability to capture the complex relationships between words
and phrases in the clinical text.

2) PRE-TRAINED BERT-BASED MODELS for FRENCH
Pre-trained BERT-based models have become increasingly
popular, enabling researchers and practitioners to perform
various language-processing tasks with unprecedented accu-
racy. While BERT [36] was initially developed for English
language processing, it has since been adapted to several
other languages, including French. In this context, we will
explore some of the most popular pre-trained BERT-based
models for French language processing available from Hug-
gingface, including CamemBERT [37], FlauBERT [38],
FrALBERT [39], and DistillBERT [40].

3) PRE-TRAINED BIOMEDICAL BERT-BASED MODELS for
FRENCH

The biomedical pre-trained BERT-based models, including
CamemBERT-bio [41], DrBERT [42], and AiBERT [43],
are specifically designed for processing and understanding
biomedical text. CamemBERT-bio is tailored for French
biomedical data, leveraging the strengths of the CamemBERT
architecture to provide robust performance in this domain.
DrBERT and AliBERT also contribute to the landscape of
specialized models, offering high accuracy and efficiency in
various biomedical NLP tasks. These models are particularly
well-suited for French clinical notes classification, as they

265



|EEE Journal of Translational

Engineering in
Health and Medicine

T.-D. Le et al.: Improving Transformer Performance for French Clinical Notes Classification

TABLE 1. Total parameters of the fine-tuned models.

Models Hidden Layers | Attention Heads | Total Parameters (Millions)

DistilBERT 6 12 67.2

CamemBERT 12 12 111.4

FlauBERT 6 8 54.9

FrALBERT 12 12 12.7

CamemBERT-bio 12 12 111.4

DrBERT 12 12 111.4

AliIBERT 12 12 117.6

Tranformer 4 4 2.9

MoE-Transformer | 4 4 5.7

have been trained on extensive French biomedical corpora,
ensuring they capture the nuances and specific terminology
used in French medical practice.

Ill. EXPERIMENTAL IMPLEMENTATION
Table 1 shows the total parameters of different Transformer-
based models used in this study, including CamemBERT, Dis-
tillBERT, FlauBERT, FrALBERT, Transformer, and MoE-
Transformer. The parameters compared include hidden lay-
ers, attention heads and total parameters. Regarding total
parameters, CamemBERT, CamemBERT-bio, DrBERT and
AliBERT have the highest number of parameters, with more
than 110 million. While Transformer, and MoE-Transformer
have significantly fewer parameters, with 2.3 million, and
5.7 million, respectively. The variation in parameters across
different models reflects the differences in the architecture
and design of the models. This information is crucial for
understanding each model’s computational complexity and
efficiency and helps select the most suitable model.
Defining the hyperparameters during the training process
of Transformers is a critical step in achieving good perfor-
mance. Here are some of the critical hyperparameters that
are tuned during the training process of BERT-based and
Transformer models in this study:

o Maximum sequence length: This is the maximum num-
ber of tokens that can be inputted into the model simul-
taneously. Setting an appropriate maximum sequence
length can affect the performance and memory usage of
the model. Due to computational constraints, the maxi-
mum sequence length varies from 128 to 256.

o Batch size: Choosing an appropriate batch size can
affect the speed and stability of the training process.
We varied the training batch size for each trial, ranging
from 4 to 32 (with gradient accumulation as 4), based on
the knowledge that training with smaller batches is more
effective for highly low-resource language training [44].

o Drop-out: This regularization technique randomly
drops out some of the neurons during training to prevent
overfitting. The dropout rate determines the proportion
of neurons that drop out during each iteration [45].

o Optimizers: These algorithms update the model weights
during training to minimize the loss function. Different
optimizers have different strengths and weaknesses, and
choosing the right one can impact the final performance
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of the model. Adaptive Moment Estimation (Adam)
[46], AdamW (Adam with weight decay) [47] were
used.

o Learning rate: Consine annealed learning rate with
warmup can help prevent training instability in the
deeper layers of a neural network; its primary purpose is
to help the model converge more quickly and effectively
to a better solution overall [48].

o Number of multi-head attention: This determines the
number of attention heads used in the multi-head atten-
tion layer of the Transformer. Increasing the number of
attention heads can improve the model’s ability to attend
to different input parts.

o Number of experts: This determines the number of
experts used in the MoE layer of the Transformer.
Increasing the number of experts can improve the
model’s ability to handle diverse inputs. In implement-
ing the MoE, we followed the guidelines from [49] and
[50], and an example pseudocode snippet in Python for
implementing the MoE layer shown in Fig. 3.

Choosing appropriate values for these hyperparameters
requires careful experimentation and tuning to achieve the
best possible results. Only a few parameters require careful
tuning. As reported in [51], the model size, learning rate,
batch size, and maximum sequence length are the critical
hyperparameters for Transformer model training. For this rea-
son, grid search can be an efficient approach for optimizing
these parameters by simultaneously exploring all possible
combinations of intervals. The combination with the highest
estimated performance was considered the optimal solution,
and this approach balances computational efficiency and
models’ accuracy.

Finally, table 2 presents the hyperparameters used to
fine-tune three models. For the pre-trained BERT-based
model, the number of multi-head attention and the number
of experts are not applicable (N/A), as this model is already
trained and does not require further customization. The batch
size, epochs, dropout rate, learning rate, and optimizer for all
models are specified. The trained BERT-based model uses an
Adam optimizer with a dropout rate 0.5 and a cosine decay
learning rate. The Transformer and MoE-Transformer models
use an AdamW optimizer with a dropout rate of 0.35 and a
cosine decay learning rate. The Adam_e is only specified for
the Transformer and MoE-Transformer models and is set to
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class Router(layers.Layer):
def __init_ (self, num_experts, expert_capacity):
self.num_experts = num_experts
self.route = layers.Dense(units=num_experts)
self.expert_capacity = expert_capacity
super().__init_ ()

class MoE(layers.Layer):
def __init__ (self, num_experts, embed_dim, num_tokens_per_batch, capacity_factor=1):
self.num_experts = num_experts
self.embed_dim = embed_dim
self.experts = [
create_feedforward_network(embed_dim) for _ in range(num_experts)

1

self.expert_capacity = num_tokens_per_batch // self.num_experts
self.router = Router(self.num_experts, self.expert_capacity)
super().__init_ ()

FIGURE 3. Pseudocode snippet in Python for the implementation of MoE layer.

TABLE 2. Hyperparameters of the fine-tuned models.

Hyperparameters Pretrained BERT-based | Transformer MoE-Transformer
Number of multi-head attention | N/A 4 4
Number of Experts N/A N/A 4
Batch size 16 16 16
Dropout 0.5 0.35 0.35
Learning rate Cosine annealed Cosine annealed | Cosine annealed
Optimizer Adam AdamW AdamW
Adam_e N/A 5*1e-06 5*1e-06
Maximum sequence length 256 256 256
R et e e e L PP +

| NVIDIA-SMI 528.82 Driver Version: 528.82 CUDA Version: 12.@ |
[mmmm e o mm e o mm e +

| GPU Name TCC/WDDM | Bus-Id Disp.A | Volatile Uncorr. ECC |
| Fan Temp Perf Puwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
\ I \ MIG M. |
|===============================t============s==ss===ss=sissssssssssss=sssosoooec
| e Quadro Pe2@ WDDM | ooeeeeee:81:80.8 On | N/A |
| se% e62C Po N/A / 48W |  1958MiB / 2048MiB | 88% Default |
\ I \ N/A |
e e LT R e e T R L e LT +

FIGURE 4. GPU utilization and resource usage during model training on NVIDIA Quadro P620.

5*1e-06. The maximum sequence length for all models is set
to 256. Additionally, the GlorotNormal initializer [52], batch
normalization [53] are employed for models’ stability. Then,
these hyperparameters were carefully chosen to achieve opti-
mal performance and prevent overfitting.

The data was divided into 80% training and 10% validation
and 10% testing. To assess the performance of our method,
metrics including accuracy, precision, recall, and F1 score
were used [54]. These metrics are defined as follows.

TP + TN
Accuracy =
TP + TN + FP + FN
.. TP
Precision =
TP + FP
- TP
Recall/Sensitivity = ———
TP + FN
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2*Precision*Recall

F1-Score = —
Precision + Recall
where TN and TP stand for true negative and true positive,
respectively, and are the number of negative and positive
patients correctly classified. FP and FN represent false pos-
itives and false negatives, and the number of incorrectly
predicted positive and negative patients.

IV. RESULTS AND DISCUSSION

First, all models were trained using an NVIDIA Quadro
P620 GPU. As shown in Fig. 4, this GPU has a total mem-
ory capacity of 2048 MB, of which 1950 MB was actively
utilized during training. The GPU utilization rate reached
88%, indicating a high level of resource engagement. The
Quadro P620, while robust, operates within relatively modest
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FIGURE 5. Training and validation performance results from MoE-Transformer model.

resource constraints compared to more powerful GPUs typ-
ically used for deep learning tasks. Training pre-trained
models under such limited computational resources poses
significant challenges. Efficient resource management and
optimization techniques are crucial to achieve competitive
performance without overloading the system.

During training and validation shown in Fig. 5, the
MoE-Transformer model showed a gradual decrease in loss
with increasing epochs. The loss started to converge after
around 20 epochs and reached its minimum at the 30th epoch.
Applying the early stopping at this point helped prevent the
model’s overfitting. The accuracy and precision of the model
showed a smooth convergence to their optimal values for
both the training and validation phases. However, the recall
values for the two phases fluctuated quite a bit. The model’s
overall performance was good, with high accuracy, precision,
and recall. The model’s ability to reach its optimal values
with smooth convergence and with the help of early stopping
indicates the model’s effectiveness in the given task.

Based on the performance comparison presented in
Table 3, the MoE-Transformer demonstrates a significant
advantage in computational efficiency while maintaining
competitive performance metrics compared to pre-trained
BERT-based and biomedical BERT-based models. Specifi-
cally, in Fig. 6, the MoE-Transformer achieves high scores
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FIGURE 6. Performance comparison between MoE-Transformer vs.
pre-trained BERT-based models, including DistillBERT, CamemBERT,
FlauBERT, and FrALBERT.

across all performance metrics: accuracy (0.87), precision
(0.87), recall (0.85), and F1 score (0.86). These results are
comparable to or better than those of pre-trained BERT-based
models such as DistillBERT, CamemBERT, FlauBERT, and
FrALBERT. Notably, the MoE-Transformer outperforms
CamemBERT and FrALBERT in all metrics. Fig. 7 demon-
strates that the MoE-Transformer performs competitively
with the biomedical pre-trained models. Specifically, MoE-
Transformer achieves an accuracy of 0.87, which is on par
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TABLE 3. A comparison performance of different classifiers.

Models Accuracy | Precision | Recall F1 Training Time (hours) | Inference Time (s)
DistillBERT 0.80 0.79 0.78 0.78 124 62
CamemBERT 0.83 0.82 0.83 0.82 25.1 132
FlauBERT 0.84 0.84 0.84 0.84 10.6 39
FrALBERT 0.83 0.82 0.81 0.81 30.2 131
CamemBERT-bio 0.87 0.86 0.88 0.87 31.7 142
DrBERT 0.87 0.84 0.90 0.87 452 133
AliBERT 0.86 0.87 0.84 0.86 39.3 128
Transformer 0.85 0.85 0.83 0.84 0.11 3
MoETransformer 0.87 0.87 0.85 0.86 0.17 4

0.95 50

0.9 E 40
0.85 g 30
0.8 @ 20 I
) E
T 10 I
0.75 = I
. A A A LY
©° o <& &8 ¥ 0 - =
& & i o o < A A A ¥ A A & &
véggb ° N & «\'o‘\\ @ 689& é”é ,ﬁé (SS:GO Q@éﬂ ‘;@8 & &
& ; & & <® @& @ & e
v S ) 96‘ & 48 <&
& &
{J’b @0

B Accuracy Precision Recall F1

FIGURE 7. Performance comparison between MoE-Transformer vs.
pre-trained biomedical BERT-based models, including CamemBERT-bio,
Dr.BERT, and AliBERT.

with CamemBERT-bio and AliBERT and only slightly lower
than DrBERT. Its precision and F1 score are both 0.87, match-
ing the top-performing models. Although its recall is slightly
lower than DrBERT, it still achieves a comparable score
of 0.85.

Fig. 8 highlights the significant computational effi-
ciency of the MoE-Transformer. The training time for
the MoE-Transformer is a mere 0.17 hours, which is
drastically lower than any of the pre-trained biomedical
models. In contrast, DrBERT, which achieves the high-
est recall, requires 45.2 hours of training time (266 times
longer), while CamemBERT-bio and AliBERT need 31.7
(186 times longer) and 39.3 hours (231 times longer),
respectively. This apparent difference underscores the effi-
ciency of the MoE-Transformer in terms of computational
resources. It makes the MoE-Transformer highly suitable
for environments with limited computational resources like
hospitals. In summary, the MoE-Transformer offers a com-
pelling balance of performance and efficiency. It achieves
results on par with or better than several pre-trained and
biomedical-specific models while requiring a fraction of
the training time. This makes it an excellent choice for
clinical applications where computational resources are
constrained.

Table 4 compares the confusion matrices obtained from
9 models. Each confusion matrix presents the number of
true positives (TP), false positives (FP), false negatives (FN),
and true negatives (TN) for binary classification tasks. The
DrBERT model achieved the highest number of correct
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FIGURE 8. Training times comparison for fine-tuning the pre-trained
biomedical BERT-based models vs training MoE-Transformer model.

TABLE 4. Confusion matrix comparison for all classifiers.

Models TNt | TPt | FP| | FN |
DistillBERT 233 201 54 56
CamemBERT 239 214 48 43
FlauBERT 246 215 41 42
FrALBERT 241 209 46 48
CamemBERT-bio 228 243 40 33
DrBERT 238 235 46 25
AlIBERT 235 231 44 44
Transformer 250 213 37 44
MokE-Transformer 253 219 34 38

classifications with TP+TN = 473 and the lowest number
of misclassifications with FN+FP = 71. Meanwhile, the
MOoE-Transformer model obtained the highest number of TN
(253) and the smallest number of FP (34), making it the
second-best model overall. The MoE-Transformer achieved
a high number of correct classifications with TP4+TN =
472 and a low number of misclassifications with FN+FP =
72. This suggests that the simpler MoE-Transformer model,
regarding the number of parameters, may perform compara-
bly or even better than larger pre-trained models for a limited
clinical narrative dataset.

Although the MoE-Transformer outperforms several other
models and the conventional Transformer model, its perfor-
mance falls short when compared to two of our previous
studies [28], [29] that extensively analyzed a conceptual
framework for detecting a patient’s health condition from
contextual input to output. On the same dataset, the proposed
framework in those studies utilized a combination of TF-IDF
(term frequency-inverse document frequency) and MLP-NN
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FIGURE 9. Generalization gap and sharp minima during training
MoE-Transformer without early stopping.

(multilayer perceptron neural network), achieving an overall
classification performance of 89% accuracy, 88% recall, and
89% precision. Moreover, sparsity reduction significantly
affected classifier performance in downstream tasks, and a
generative AE (autoencoder) learning algorithm effectively
leveraged sparsity reduction to help the MLP-NN classifier
achieve 92% accuracy, 91% recall, 91% precision, and 91%
F1-score. These findings suggest that the simpler frameworks
are effective for this specific context and highlight the limita-
tions of the MoE-Transformer model.

While the MoE-Transformer model has demonstrated
promising results in clinical text classification, there is
still room for further improvement in its performance. One
possible area of investigation is the training methodology,
as suggested by previous research [55], [56]. Specifically, the
model was trained for 500 epochs without early stopping,
which resulted in three distinctive phases in the learning
curves of training and validation losses in Fig. 9. Initially,
the model underwent the learning phase, where the loss
gradually decreased and reached its minimum at epoch 30.
Subsequently, the model entered the second phase, where
overfitting occurred, and the loss increased sharply, reach-
ing its maximum at epoch 120. Interestingly, the model
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experienced a double descent, and the loss started decreasing
again in the third phase and remained flat until nearly the
end of the 400 epochs. During this phase, the classifier was
confined to a sharp minimum and failed to improve further.
Regarding accuracy, after achieving the optimal value, both
learning curves from training and validation remained flat,
which is expected. These are typical phenomena in deep
learning models trained on small datasets, as the model tends
to overfit the data and struggles with generalization. The
classifier could not bridge the generalization gap caused by
the sharp minima effect due to insufficient data explained
in [57].

Furthermore, we propose a novel perspective on this
behavior and find a better illustration, viewing them through
hidden embedding visualization for each layer during train-
ing and validation to explain their behavior. To illustrate
this perspective, we present detailed visualizations of the
MoE-Transformer embedding for each layer (from 1 to 4)
in Figure 10. We utilize t-SNE, a nonlinear dimension-
ality reduction technique well-suited for embedding high-
dimensional data into lower-dimensional data (2 dimensions
in our case). By analyzing the hidden embedding from
the model, we successfully observe the difference between
the training and validation processes. The four top figures
illustrate that after the 30th epoch, the model successfully
separates the two classes (1: positive, 0: negative) in each
hidden layer. Remarkably, the last hidden layer (4th layer)
achieves perfect classification accuracy of 98% on the train-
ing set. However, this level of performance does not carry
over to the validation set at the same epoch. The four bottom
figures demonstrate that the two classes overlap, and the
model cannot learn a clear boundary between them, resulting
in only 87% validation accuracy. Therefore, we observe a
generalization gap between the training and validation for a
large model with small data.

V. MISCLASSIFICATION INTERPRETABILITY
Interpretability of misclassifications is essential to model
evaluation, particularly in critical applications such as medi-
cal diagnosis. In this study, we analyze the misclassification
cases of the MoE-Transformer model by visualizing the
results from the misclassification. There are 72 cases of mis-
classification from the results of the MoE-Transformer. Our
focus has been primarily on the false negatives, where the
true label indicates the presence of cardiac failure (True label
is 1); however, our classifiers predict the opposite. We have
referred to the labeled data to better understand the reasons
behind these misclassifications. The clinician analyzes and
confirms which information was inferred to label the data.
Technically, Integrated Gradients (IG) [22] are a powerful
interpretability technique for explaining the predictions of
deep learning models, including the Transformers model used
in clinical text classification. IG provides a way to attribute
importance to the input features of a model, allowing clini-
cians and researchers to gain insight into how the model is
making its predictions. Then, we compared this information
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FIGURE 10. Hidden embedding visualization during training (top 4 figures) and validation (bottom 4 figures) for

the MoE-Transformer at the 30th epoch.

with the information from the classifier based on the IG
methods. This helped us identify misclassification sources
and improve our classifiers’ accuracy in detecting cardiac
failure.

The results in Fig. 11 demonstrate the Transformer model’s
ability to calculate attribution scores to predict output based
on input features. The sign of the attribution score indicates
the direction of the feature’s influence on the output: a pos-
itive score means that the feature positively influences the
output, while a negative score indicates a negative influence.
However, the model did not perform well on the task at hand.
The correct labeling of the data requires clinical expertise
and professional knowledge. For example, in the first original
note, the absence of data on cardiac failure was compensated
for by the presence of other clinical signs such as ‘Souffle
3/6, ‘tres faible pouls fémoral mais pas de pouls pédieux
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(very weak femoral pulse but no pedal pulse),” and ‘Pieds
tiedes (warm feet).” Similarly, in the second note, no data on
cardiac failure was present, but ‘sténose sous pulmonaire et
CIV large (subpulmonary stenosis and wide CIV)’ suggested
its presence. These examples highlight the significant gap in
the Transformer model’s contextual learning and understand-
ing of real clinical datasets. There are two possible reasons for
this limitation. First, while Transformer models have shown
promising performance in new tasks, it remains unclear if
they can generalize across the differences in settings within
the clinical domain [13]. Second, the tasks in the clinical
domain often have a low signal-to-noise ratio, where the pres-
ence of a few essential keywords may suffice to determine
a specific label. In contrast, Transformer’s training process
involves learning intricate and nuanced relations between all
words in the pretraining corpus, which may not be relevant
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Original note 1: “souffle 3/6 PSG irradiant a 1’apex.
Pouls facilement palpables MS, possible tres faible
pouls fémoral mais pas de pouls pédieux, pieds tiédes
mais bien colorés.”

True Label: 1

Predicted Label: 0

Predicted Probability: 0.5532299376213074
Attribution Score: 0.42

Original note 2: “Grossesse géméllaire naissance a 37+4
D-TGV avec stenose, sous pulmonaire et CIV large
Rashkin + prosta en néonatelogie.”

True Label: 1

Predicted Label: 0

Predicted Probability: 0.5286599%95370575
Attribution Score: -2.07

FIGURE 11. The highlighted misclassification cases from the
MoE-Transformer model.

for the classification task and may shift attention away from
the critical keywords [12].

VI. LIMITATIONS

While large language models (LLMs) have undoubtedly
advanced numerous NLP tasks [58], their deployment in
specialized clinical environments remains impractical. In our
setting, stringent data privacy regulations prohibit trans-
ferring sensitive patient information to external servers or
APIs, precluding fine-tuning and secure deployment of
large off-the-shelf LLMs. Additionally, these models demand
extensive computational resources—typically high-memory
GPUs or multi-GPU clusters—far exceeding the capacity of
our NVIDIA Quadro P620 (2 GB GPU memory). Further-
more, because LLMs are generally trained on broad-domain
corpora, they often struggle to generalize to pediatric clinical
narratives without significant retraining, amplifying data, and
computational requirements. Given that our dataset com-
prises only 5,444 short clinical narratives, any attempt to
fine-tune such large models would likely lead to overfit-
ting and suboptimal performance. For example, a recent
study [59] confirms that employing Low-Rank Adaptation
during fine-tuning has proven ineffective in overcoming these
limitations. Hence, a more focused and computationally effi-
cient model, such as our MoE-Transformer, is a more viable
alternative under these constraints.

Similarly, although state-of-the-art LLMs like Mistral [60]
and LLaMA 3.21b [61] have demonstrated impressive capa-
bilities in general NLP tasks, several fundamental limitations
hinder their integration into our CDSS at CHUSIJ. First,
even the smallest LLMs typically contain no fewer than
5 billion parameters [62], making them more than 40 times
larger than our domain-specific models, specifically trained
on French biomedical clinical texts. This vast difference
in scale implies that, even in zero-shot settings, general-
purpose LLMs are prone to hallucinations and unreliable
predictions when applied to pediatric clinical narratives [63].
Second, while these models are trained on massive datasets
ranging from 825 billion to 6.3 trillion tokens, our dataset
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comprises only 580,000 tokens, further questioning their
effectiveness without extensive domain-specific fine-tuning.
Third, the computational demands of even the smallest LLMs
(e.g., requiring a minimum of 1024-core NVIDIA Ampere
architecture GPU with 32 tensor cores, 16G DRAM) are
incompatible with our hardware capabilities. Finally, strict
hospital privacy regulations preclude cloud-based inference,
ruling out the possibility of relying on externally hosted
models or resource-intensive fine-tuning methods. Despite
their success in broader NLP applications, LLMs are not a
feasible solution for our specialized clinical setting, thereby
underscoring the advantages of our MoE-Transformer for
local, real-time clinical text classification.

VII. CONCLUSION

We compared the performance of 9 classifiers on a binary
classification task. The results indicated that MoE can
improve the performance of Transformer models over pre-
trained BERT-based models. The MoE-Transformer model
performed comparable to biomedical pre-trained models but
with 100 times less computation resources. These results
confirm that the MoE-Transformer is particularly valuable for
classifying small French clinical narratives within the privacy
and constraints of hospital-based computational resources.

The study used attribution scores to demonstrate the MoE-
Transformer model’s ability to predict output based on input
features. However, the model did not perform well on the clin-
ical dataset due to its inability to contextualize and understand
real-world data. The clinical tasks have a low signal-to-
noise ratio, and the MoE-Transformer’s training process may
shift attention away from critical keywords. Additionally,
it remains unclear whether Transformer models can gener-
alize across different settings in the clinical domain. Overall,
the results suggest the need for further research to improve the
MoE-Transformer model’s performance in clinical settings.

These findings suggest that carefully training the
Transformer-based models from scratch can significantly
improve the performance of clinical narrative classification
tasks. The CDSS at CHUSIJ is especially currently under
development. By combining this NLP algorithm to detect the
absence of heart failure with the two other algorithms already
developed on hypoxemia detection [25] and chest, X-ray
analysis [26], [27], the next step of our study is to implement
the resulting CDSS (integration of the three algorithms)
within the cyberinfrastructure of the pediatric intensive care
unit (PICU) at Sainte-Justine Hospital to diagnose ARDS
early. We will verify the CDSS’s ability to detect ARDS
prospectively once the integration with the PICU e-medical
infrastructure is completed.

Future work will further explore enhancements to the
evaluation methodology to gain deeper insights into the
model’s performance and fairness in clinical text classifi-
cation. Specifically, plans include incorporating class-wise
performance metrics [64] to reveal detailed strengths and
weaknesses across different clinical categories, thereby
identifying potential biases and underperforming segments.
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Complementing this, a qualitative evaluation framework
employing text perturbation experiments—such as synonym
replacements, misspellings, and grammatical variations—
will be developed to assess the robustness and generalization
capabilities of the MoE-Transformer compared to large lan-
guage model baselines. Additionally, drawing on insights
from recent work on extracting social determinants of health
from clinical texts [65], comparative analyses will be con-
ducted to benchmark this approach against state-of-the-art
methodologies. Recognizing the critical importance of fair-
ness, future studies will also systematically examine potential
biases in data curation, compilation, and model development
by leveraging established frameworks like the Al Risk Repos-
itory, as highlighted in [66]. These explorations are expected
to validate the approach’s practicality and robustness while
contributing to developing fair, responsible, and practical Al
applications in healthcare.
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