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Abstract
Clinical coding, the act of translating clinical transcripts into standardised diagnostic
and procedural codes, is an essential statistics and billing tool in hospitals around the
world. Despite it carrying a lot of weight in the capitalist healthcare system for billing
purposes and for statistical and quality assurance purposes in socialised healthcare
systems. The process of clinical coding is labour intensive and error prone.

Recent advances in large language models pave a way toward fully or partially
automated reliable clinical coding. The research on large language models is constantly
evolving and developing into new avenues that could and should be explored in the
context of clinical coding.

This thesis provides a survey of the advancments in large language model architec-
ture from the almost ancient multilayer perceptron and convolutional neural networks
all the way to the current cutting edge advancements such as transformers and state
space models. These findings are then taken into the context of clinical coding and
some suggestions on future directions in the research into the use of large language
models in clinical coding will be presented.
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Tiivistelmä
Tautiluokittelu, eli potilasasiakirjojen kääntäminen standardoituihin diagnoosi- ja
toimenpidekoodeihin, on olennainen tilastointi- ja laskutusväline sairaaloissa kautta
maailman. Kapitalistisissa terveydenhuoltojärjestelmissä se painottuu erityisesti las-
kutukseen, kun taas sosiaalisesti rahoitetuissa järjestelmissä se palvelee tilastointia ja
laadunvarmistusta. Prosessi on kuitenkin työläs ja altis virheille.

Viimeaikaiset edistysaskeleet suurissa kielimalleissa (LLM) avaavat tietä luotetta-
valle tautiluokittelun täys- tai osittaiselle automatisoinnille. LLM-tutkimus kehittyy
jatkuvasti ja tarjoaa uusia lähestymistapoja, joita kannattaa hyödyntää tautiluokittelus-
sa.

Tämä kandidaatintyö käy läpi kielimallien arkkitehtuurin kehityskulun aina lähes
“muinaisista” monikerroksisista perceptroneista ja konvoluutioneuroverkoista nyky-
päivän huipputeknologioihin, kuten transformereihin ja state-space malleihin. Tulokset
asetetaan tautiluokittelun viitekehykseen, ja työn lopuksi esitetään suuntaviivoja tule-
valle tutkimukselle suurten kielimallien hyödyntämiseksi kliinisessä koodauksessa.

Avainsanat koneoppiminen laajat kielimallit tekoäly tautiluokittelu ICD
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1 Introduction
“Imagine a world where a simple, yet precise, algorithm could transform
chaotic medical records into organised, actionable insights in seconds.
This is the promise of large language models (LLMs), cutting-edge
artificial intelligence systems, poised to revolutionise the field of clinical
code assignment. By exploring the integration of LLMs in healthcare,
we stand on the brink of a breakthrough that could enhance patient care,
streamline medical processes, and ultimately save lives.” [1]

The amount of research into AI has risen nearly 2.5-fold between 2010 and 2022 [2]
with the increased use of large language models (LLM), and in general is in general
needed artificial intelligence (AI) applications. This increase in research leads to a
rise in the number of LLM applications which in turn increases the use of AI creating
a self-feeding cycle. Through this cycle LLMs are becoming better in text generation,
image ’ classification, and text classification. Many tasks, which were previously
thought to be impossible for AI to achieve, are becoming increasingly trivial for
LLMs to solve. As an example, GPT-4 has already outperformed humans on in some
sections of the United States Medical Licensing Examination [3]. In addition, the very
beginning of this introduction, the opening quote, was fully generated by GPT-4o [1].
These examples show the capabilities of LLMs in this day and age.

The research into AI in the medical field is centred on the diagnostic side of
medicine [4]. For example, aid in the interpretation of magnetic resonance imaging, or
computer tomography results. Following the research, a convolutional neural network
model by Tian et. al. [5] achieved a 7% increase in diagnostic accuracy compared
to medical doctors when diagnosing from X-ray images. These results are starting
to show the capabilities of different AI applications in the diagnostic domain. The
capabilities are raising a new question, “Where else in the medical field could ML
methods be exploited?” One example where it could be used is the task of clinical
coding.

Clinical coding is used to classify transcripts of a hospital visit into diagnostic and
procedure codes [6]. This classification process aids in statistical analysis and billing
within the hospital. The task of clinical coding takes a lot of work as one must read
patient’s file and then come up with codes matching it from thousands of possible
codes [7]. The automation of this task would save a lot of man-hours. This task can be
simplified to machine learning (ML) terms as a natural language processing (NLP)
classification task. Some articles [8–10] have trained machine learning models with
various results.

This thesis explores the use of large language models in the assignment of clinical
codes. The theoretical background is first be presented with some literature review
on the research into use of LLMs in automating clinical coding. The future of the
automation of clinical coding with LLMs is finally discussed.
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2 Automated Clinical Coding
2.1 Large Language Models
Natural language processing (NLP) is an important topic of research in machine
learning, as a vast majority of communications are made through different languages.
For this purpose, large language models (LLM) have been developed to model languages
numerically. The quantification of language using such models is used in variety of
applications such as machine translation, text generation, and text classification [11].
LLMs are becoming a part of everyday life with the developments in generative models
such as ChatGPT, GitHub-CoPilot, and others. The generative power of these models
is being utilised in various fields [12]. When talking about an LLM it usually employs
a certain architecture, which combines various types of neural networks to create a
complete model. In this section of this thesis, I will introduce some of these building
blocks that enable LLMs to perform tasks.

2.1.1 Multilayer perceptron

A multilayer perceptron (MLP) [13] or more often vanilla neural network (NN) is the
simplest type of feedforward neural network built from NN layers. It consists most
often of an input layer, one or multiple hidden layers, and an output layer. Where each
layer is usually a mathematical calculation of the form

𝑓 (𝑥) = 𝑔(𝑊𝑥 + 𝐵) (1)

where𝑊 is a weight matrix 𝐵 is the bias matrix, 𝑥 is the input matrix and 𝑔 is a
function often a sigmoidal function or a linear function such as ReLu [14]. During
training W and B are being optimized to produce the best estimated output wiht respect
to the actual outputs. Figure 1 [15] shows how information flows through an MLP.

MLPs are often good for some classification tasks [16] and are among the simplest
of NN architectures. When it comes to natural language processing, the scalability of
an MLP is poor due to its short context window as for a 1’500-word input with each
individual word encoded as a vector belonging to R1000 the input matrix alone would
be 1’500’000 elements. When weights would be considered, the number of parameters
increases through each added layer resulting in the increase of the number of floating
point operations per training iteration. Thus making the MLP a computationally
expensive model for NLP.

In addition to computational expense, a major limitation of MLPs in NLP is the
size of its context window. The context window is the number of tokens an LLM can
process at a given time step. Due to the way in which MLP works, it would have to have
the entire text fed into it at a time. Because of the nature of natural language different
texts have different lengths and thus the input text would have to be either padded or
truncated during preprocessing to fit the model. The model would have to be trained
on an entire corpus of padded text. For example, for a MLP with a context window of
1’000’000 words reading the King James Bible, it being 738’000 words [17], would
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Figure 1: Multilayer Perceptron

require 262’000 words of padding resulting in a total of 262’000’000 extra floating
point elements using 1GB of extra memory just to store the padded text.

2.1.2 Convolutional Neural Network

Convolutional neural network is a type of feed-forward network which utilises the
convolution operator. CNNs reduce the computational expense when comparing to a
MLP by utilizing the convolution operator, which for arrays 𝐼 ∈ R𝑀×𝑁 and𝑊 ∈ R𝑚×𝑛

where 𝑀 ≥ 𝑚 and 𝑁 ≥ 𝑛 is defined as

𝐶 (𝑖, 𝑗) =
𝑚∑︁
𝑘=1

𝑛∑︁
𝑙=1
𝑊 (𝑘, 𝑙)𝐼 (𝑖 + 𝑘 − 1, 𝑗 + 𝑙 − 1) (2)

where 𝐶 ∈ R(𝑀−𝑚+1)×(𝑁−𝑛+1) where 𝐶 is the result of the convolution [18]. Figure
2 [19] shows an example of a 1D convolution.

Convolution allows the size of the weight matrix be smaller and thus reducing the
number of floating point operations per training iteration. It also allows for the mixing
of nearby inputs, which defines a context window smaller than the entire input. This
allows for the model to be more scalable.

Like with MLPs CNNs require the inputs to be of the same size requiring
either padding, causing increased computational load, or truncation, causing loss of
information. This is a major limitation of pure CNN implementations in NLP.
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Figure 2: Example of a 1d convolution operation

2.1.3 Recurrent Neural Network

Unlike in a traditional feed-forward network [13] where the forward passes for two
separate inputs are independent, recurrent neural network (RNN) [20] uses a hidden
state allowing a state to be affected by each input before it. Hence, they are most often
used for different kinds of time-series data, such as text processing and generation,
audio processing, and video processing.

RNN works on a simple principle which is the recurrence unit (figure 3). A single
layer recurrence unit can be described with the equation,

ℎ𝑡 = 𝜎(𝑊ℎℎ𝑥𝑡 +𝑊ℎℎℎ𝑡−1 + 𝐵ℎ) (3)

where Ws are the weights, 𝑥 is the input matrix, ℎ is the hidden state, 𝜎 is a
non-linear function often sigmoid or hyperbolic tangent, and 𝑡 is the timestep. As ℎ𝑡 is
a function of ℎ𝑡−1, we know that the nature of the formula is recurrent, and we know
that the hidden state at time-step 𝑡 is dependent on all inputs before it.

The use of a RNN improved the performance of text classification compared
to MLP or CNN [21]. However, the RNN architecture has a significant drawback,
for during the backpropagation the model often experiences vanishing or exploding
gradients. This means that during gradient descent the weights either get stuck at local
minima or start to diverge to infinity [22].
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Figure 3: Recurrent Neural Network cell and equations
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2.1.4 Residual Neural Network

Residual Neural Network is a type of feed-forward network which includes skip-
connections to reduce the vanishing gradients problem [23]. A residual neural network
is described by the equations,

𝑦 = 𝐹 (𝑥) + 𝑥 (4)

where 𝐹 (𝑥) is a combination of matrix multiplication and activation functions. The
residual blocks are stacked together to form the network. When a residual block is
of the type 𝐹 : R𝑛 → R𝑚, the 𝐹 (𝑥) + 𝑥 is undefined and a projection is used. With a
projection the residual block is defined as,

𝑦 = 𝐹 (𝑥) + 𝑃(𝑥) (5)

where
𝑃 : R𝑛 → R𝑚 (6)

𝐹 : R𝑛 → R𝑚 (7)

2.1.5 Long-Short-Term Memory

The issues with the gradient descent in RNNs lead to the development of an architecture
known as long-short-term memory (LSTM) which introduced gates and a constant
error carousel into the RNN unit while still retaining the recurrent nature of the
unit [22]. LSTM is more computationally intensive when compared to RNN and
unlike the MLP or CNN is not parallelisable, however it performs best out of the
models described thus far because of its gated design.

The developments from RNN introduced in LSTM are the input gate 𝑖, forget gate
𝑓 , memory gate 𝑔, and the output gate 𝑜. [22]. The gates and states are calculated at
time step 𝑡 as follows,

𝑓𝑡 = 𝜎(𝑊 𝑓 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵 𝑓 ) (8)

𝑖𝑡 = 𝜎(𝑊𝑖 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑖) (9)

𝑜𝑡 = 𝜎(𝑊𝑜 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑜) (10)

𝑔𝑡 = tanh(𝑊𝑐 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑐) (11)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡 (12)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡) (13)

where 𝑊 denotes a weight matrix, ⊕ denotes vector concatanation, 𝜎(𝑎) denotes
the sigmoid function, tanh(𝑎) denotes the hyperbolic tangent, 𝐵 a bias matrix, 𝑥 the
input, ℎ the hidden state, and 𝑐 the cell state. LSTM does not suffer from vanishing or
exploding gradients like vanilla RNNs do because the constant error carousel [22]
allows for information to flow through the cell states each iteration with only linear
transformations as seen in figure 4 [24].

LSTMs were widely used for most sequential machine learning tasks [25] until the
introduction of the transformer architecture [26]. LSTM architectures had three major
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Figure 4: LSTM cell

drawbacks which made the transformer replace it so quickly. The three being: inability
to revise storage decisions; limited storage capacity; and lack of parallelisability [25].

To overome the drawbacks in the standard LSTM architecture, the xLSTM
architecture was developed [25] in 2024. The xLSTM or extended long-short-term
memory is a combination of two LSTM variants, sLSTM and mLSTM. sLSTM
introduces exponential gates combined with normalisation and stabilisation to the
LSTM architecture allowing for the model to revise storage decisions. the sLSTM
forward pass is described by the following set of equations,

𝑓𝑡 = 𝜓(𝑊 𝑓 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵 𝑓 ) (14)

𝑖𝑡 = 𝑒𝑥𝑝(𝑊𝑖 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑖) (15)

𝑜𝑡 = 𝜎(𝑊𝑜 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑜) (16)

𝑔𝑡 = tanh(𝑊𝑐 · [ℎ𝑡−1 ⊕ 𝑥𝑡] + 𝐵𝑐) (17)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑔𝑡 (18)

𝑛𝑡 = 𝑓𝑡 ⊙ 𝑛𝑡−1 + 𝑖𝑡 (19)

ℎ𝑡 = 𝑜𝑡 ⊙ (𝑐𝑡 ⊙ 𝑛−1
𝑡 ) (20)

where 𝜎(𝑎) denotes the sigmoid function, tanh(𝑎) denotes the hyperbolic tangent,
𝜓(𝑎) denotes either the exponential function or the sigmoid function, the symbols
found in equations 8 to 13 denote the same data here as in LSTM, and the addition 𝑛
denotes the new normaliser gate [25]. Due to the exponential gates sLSTM has to be
stabilised with a simple mechanism to prevent the exponential gates from diverging to
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infinity. The mechanism uses a 𝑚𝑡 state and incorporates that into the input and forget
gates. This stabilisation mechanism is described by equations 21 to 23 [25].,

𝑚𝑡 = 𝑚𝑎𝑥(𝑙𝑜𝑔( 𝑓𝑡) + 𝑚𝑡−1, 𝑙𝑜𝑔(𝑖𝑡)) (21)

𝑓 ′𝑡 = 𝑒𝑥𝑝(𝑙𝑜𝑔( 𝑓𝑡) + 𝑚𝑡−1 − 𝑚𝑡) (22)

𝑖′𝑡 = 𝑒𝑥𝑝(𝑙𝑜𝑔(𝑖𝑡) − 𝑚𝑡) (23)

Beck et al. [25] showed that the incorporation of the stabilisation mechanism does not
change either the numerical values of the function nor the derivatives through 𝑓𝑡 and 𝑖𝑡 .

The other addition to the xLSTM architecture is the mLSTM. The mLSTM
introduces an improvement to the LSTM storage cabability by changing the memory
cell scalar 𝑐 ∈ R into a matrix 𝐶 ∈ R𝑑×𝑑 so the retrieval uses a matrix multiplication
and uses a key vector 𝑘 ∈ R𝑑 to retrieve the memory as in Bidirectional Associative
Memory [25]. For a key value pair the following equation is used [25],

𝐶𝑡 = 𝐶𝑡−1 + 𝑣𝑡𝑘𝑇𝑡 (24)

Rewriting the LSTM equations to incorporate these changes gives the forward pass of
the mLSTM block as [25],

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡𝑣𝑡𝑘𝑇𝑡 (25)

𝑛𝑡 = 𝑓𝑡𝑛𝑡−1 + 𝑖𝑡𝑘𝑡 (26)

ℎ𝑡 = 𝑜𝑡 ⊙
𝐶𝑡𝑞𝑡

𝑚𝑎𝑥{|𝑛𝑇𝑡 𝑞𝑡 |, 1}
(27)

𝑞𝑡 = 𝑊𝑞𝑥𝑡 + 𝐵𝑞 (28)

𝑘𝑡 =
1
√
𝑑
𝑊𝑘𝑥𝑡 + 𝑏𝑘 (29)

𝑣𝑡 = 𝑊𝑣𝑥𝑡 + 𝑏𝑣 (30)

𝑖𝑡 = 𝑒𝑥𝑝(𝑊𝑖𝑥𝑡 + 𝐵𝑖) (31)

𝑓𝑡 = 𝜓(𝑊 𝑓 𝑥𝑡 + 𝐵 𝑓 ) (32)

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝐵𝑜) (33)

For 𝑖𝑡 and 𝑓𝑡 the same stabilisation technique as is used with sLSTM can be used [25].
Unlike in the LSTM or sLSTM blocks the mLSTM does not have memory mixing.
This absence of memory mixing allows for the mLSTM block to be parallelised as
each gate is not dependant on the previous hidden state [25].

To form the xLSTM architecture the sLSTM and mLSTM blocks are stacked
together residually. Where the sLSTM and mLSTM blocks contain the above blocks
with additional upscaling and convolutions as shown in figure 5. [25]
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Figure 5: xLSTM building blocks: sLSTM on the left and mLSTM on the right, with
the associated upscaling and convolutional layers

2.1.6 Transformer Network

The transformer architecture [26] was introduced in 2017 by researchers at Google.
The transformer architecture aims to reduce the drawbacks of previous sequential
models such as the LSTM and RNN. The transformer architecture introduces the
attention mechanism which allows for the model to focus on different parts of the
input at different times. In addition, the attention mechanism allows also for more
parallellization du ring the training of the model, making training a transformer cheaper
when compared to previous sequential models such as recurrent models.

The transformer architecture is what is called a encoder-decoder architecture [26].
The encoder converts the input sequence x ∈ N𝑛 into a continuous representation
vector z ∈ R𝑑 where 𝑑 is the dimension of the vector. The decoder then generates
output sequence y ∈ N𝑚 from the continuous representation vector z [26].

The encoder and decoder are composed of a stack of 𝑁 identical layers as shown in
figure 6. Each layer having sublayers, the encoder having 2 and the decoder is having
3. In both the fist two sublayers are, multi-head self-attention mechnism and a fully
connected feed-forward layer. For each of the two sublayers a residual connection is
used along with a layer normalisation. In the decoder the third layer is a multi-head
attention mechanism over the output of the encoder stack. [26]

The heart of the transformer architecture is the attention mechanism. The mech-
anism can be described as a vector function which takes in a set of key-value pairs
and maps them to an output. The output is a weighted sum of the keys, with the
weights for each value are the queries with a corresponding key calculated through a
compatibility function. [26] The transformer architecture uses multi-head attention, in
which the keys, values, and queries are first linearly projected to dimensions 𝑑𝑘 , 𝑑𝑣
and 𝑑𝑞 respectively. After which the attention function is applied in parallel. Then
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Figure 6: The transformer - model architecture [26]

these values are concatanated and projected to the wished dimension. Multi-head
attention is described in equations 34-35.

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑 (𝑄, 𝐾,𝑉) = 𝑐𝑜𝑛𝑐𝑎𝑡 (ℎ𝑒𝑎𝑑1, ..., ℎ𝑒𝑎𝑑ℎ)𝑊𝑂 (34)

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖 , 𝑉𝑊
𝑉
𝑖 ) (35)

where𝑊𝑄

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,𝑊𝐾

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,𝑊𝑉

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 , and𝑊𝑂

𝑖
∈ Rℎ𝑑𝑣×𝑑𝑚𝑜𝑑𝑒𝑙 .

The other sublayers in the transformerr network are the feed-forward networks. [26]
The feed-forward network is fully connected and uses the ReLU activation function
giving us the equation,

𝐹𝐹𝑁 (𝑥) = 𝑚𝑎𝑥(0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2 (36)
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In order to transform the input sequence into a numerical representation, a trained
embedding layer is used to transform the input and output tokens into vectors of
dimension 𝑑𝑚𝑜𝑑𝑒𝑙 . [26] After the self-attention layers a final linear transformation and
a softmax-function are used to calculate the final probabilities for the outputs [26].

The development of the transformer architecture has lead to the fast development
of general-use generative large language models, generative pre-trainedtransformer
and bidirectional encoder representations from transformers. These two models are
widely used in applications such as ChatGPT, Llama, BERT, and Claude.

2.1.7 State Space Models

The newest promising emergence in the domain of sequential machine learning are
state-space models. State-space models apply a method proposed in the 1960s for
filtering and prediction problems [27] into sequential neural networks. In 2021, Gu et
al. proposed a layer called Linear State-Space Layer [28], which generalized three
major network types, recurrent, convolutional, and continuous-time.

The continuous-time case builds upon neural ordinary differential equations (ODE)
introduced at NeurIPS 1 2018. Neural ODEs build upon the similarities between
residual neural networks and the euler’s method for solving ODEs. [29]

A linear state-space layer (LSSL) maps a 1-dimansional function or sequence
through an implicit state 𝑥(𝑡) by simulating a linear continuous-time state-space
representation as shown in equations 37 and 38.

𝑥̇(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) (37)

𝑦(𝑡) = 𝐶𝑥(𝑡) + 𝐷𝑢(𝑡) (38)

In this system 𝐴 controls the evolution of the system, while 𝐵, 𝐶, and 𝐷 are
projection parameters [28].

The strength of LSSLs lies in their ability to be recurrent, convolutional, or
continuous-time models. When LSSLs are used recurrently, a discrete time-step Δ𝑡

is used to discretize the system into a linear recurrence. The equations 37- 38 are
known to be representable as continuous convolutions [28]. When operating with
a discrete model the layer can be efficiently parallelized during training due to its
convolutional nature. The model can be viewed finally also as a continuous-time
model as the equations 37-38 in themselves ordianry differential equations (ODE), and
hence LSSLs can perform exceptionally with continuous-time problems and missing
data points [28].

As LSSLs are a generalisation of RNN and CNN architectures, all 1-D convolutional
kernels can be approximated by LSSLs and some RNN architectural properties such
as gating-mechanisms are closely related to the discretized version and are deriveable
from ODEs.

When discretizing the the system the matrices 𝐴 and 𝐵 are transformed from
continuous representations using some discretization functions 𝐹 and 𝐺 into discrete
representations 𝐴 and 𝐵 yielding the discretized version of the system.

1Conference on Neural Information Processing Systems
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𝑥𝑡 = 𝐴𝑥𝑡−1 + 𝐵𝑢𝑡 (39)

𝑦𝑡 = 𝐶𝑥𝑡 + 𝐷𝑢𝑡 (40)

The discrete form of an LSSL is also its recurrent form, while the convolutional
variant can be calculated as shown in 41-44. When 𝑥−1 = 0 equations 39-39 yield,

𝑦𝑘 = 𝐶𝐴
𝑘
𝐵𝑢0 + 𝐶𝐴

𝑘−1
𝐵𝑢1 + ... + 𝐶𝐴𝐵𝑢𝑘−1 + 𝐶𝐵𝑢𝑘 + 𝐷𝑢𝑘 (41)

giving us

𝑦𝑘 =

𝑘∑︁
𝑖=0

(𝐶𝐴𝑘−𝑖𝐵𝑢𝑖) + 𝐷𝑢𝑘 (42)

This can be simplified to a non-circular convolution,

𝑦 = KL (𝐴, 𝐵, 𝐶) ∗ 𝑢 + 𝐷𝑢 (43)

where
KL (𝐴, 𝐵, 𝐶) = (𝐶𝐴𝑖𝐵)𝑖∈[𝐿] ∈ R𝐿 = (𝐶𝐵,𝐶𝐴𝐵, ..., 𝐶𝐴𝐿−1𝐵) (44)

Hence the LSSL can be parallelized for a given sequential input, that is not recurrent,
and the output 𝑦 ∈ R𝐻×𝐿 can be computed at once, reducing the computational
complexity.

After the proposal of LSSL Gu et Al. proposed structured state spaces (S4) [30].
The S4 parametrisation of state space models improves the efficiency of the computation
for all three views of SSMs: the continuous (𝐴, 𝐵, 𝐶), the recurrent (𝐴, 𝐵, 𝐶), and the
convolutional (𝐾) representations.

The S4 parametrisation tackles the computational efficiency with an approach based
on concepts from linear algebra such as diagonilisation and conjugation. The bottleneck
of computing discrete SSMs is the large amount of repeated matrix multiplication by
𝐴. The approach can be applied to well-conditioned HiPPO matrices [31] which can
be decomposed to Normal Plus Low-Rank (NPLR) [30].

The approach utilises three techniques to streamline the calculation of the convo-
lution kernel. For the first technique the truncated generating function at the roots of
unity is evaluated for 𝐾 instead of computing it directly. After this 𝐾 can be found
by applying an inverse fast fourier transform [30]. The generating function relates
to the matrix resolvent and involves a matrix inverse instead of power and thus the
Woodbury identity reducing 𝐴 to the diagonal case [30]. The third technique equates
the diagonal matrix case to the computation of a cauchy kernel 1

𝑤𝑖−𝜁𝑘 , which is a
well-studied problem with stable linear algorithms [32, 33].

2.1.8 Selective State Spaces

The S4 model is defined by four parameters (Δ, 𝐴, 𝐵, 𝐶) in the context of sequence
modeling. The parameters define a sequence-to-sequence transformation through an
implicit latent state ℎ(𝑡) ∈ R𝑁 descirbed by equations 45 - 52
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ℎ′(𝑡) = 𝐴ℎ(𝑡) + 𝐵ℎ(𝑡) (45)

𝑦(𝑡) = 𝐶ℎ(𝑡) (46)

ℎ𝑡 = 𝐴ℎ𝑡−1 + 𝐵ℎ𝑡−1 (47)

𝑦𝑡 = 𝐶ℎ𝑡 (48)

𝐾 = {𝐶𝐴𝑖𝐵|𝑖 = 0, 𝑖 = 𝑘} (49)

𝑦 = 𝑥 ∗ 𝐾 (50)

𝐴 = 𝑓𝐴 (Δ, 𝐴) (51)

𝐵 = 𝑓𝐵 (Δ, 𝐴, 𝐵) (52)

S4 model is linearly time invariant because (Δ, 𝐴, 𝐵, 𝐶) are fixed for all time steps
and since (Δ, 𝐴, 𝐵) are invariant of time thus also (𝐴, 𝐵) are also time invariant. This
invariance reduces the models ability to contextualise the inputs and select which
inputs to emphasise. To overcome this issue the Mamba architecture which uses
Selective State Spaces (S6) was introduced [34]. The S6 model improves upon the S4
architecture by proposing a selection mechanism.

The proposed selection mechanism alters the equations in such a way that makes
(Δ, 𝐵, 𝐶) functions of the input at each timestep. This change in the model leads to
the model becoming time-varying instead of time-invariant. Due to this change also
(𝐴, 𝐵) are also dependant on the input and thus the S6 model can only be recursive as
the convolution simplification of the S4 model does not work anymore. Despite this
the S6 model can still be optimised through paralellisation with an efficient parallel
scan algorithm.

The Mamba architecture [34] was further developed by bridging the connections
between SSMs, structured matrices, and attention to establish state space duality
(SSD) [35] for the Mamba 2 architecture. The paper more specifically uses the
similarities between structured state space models and structured attention.

2.2 Clinical Coding
Clinical coding is the process of translating diagnoses, procedures, treatments, and
other clinical information found in a patient’s record into standardised alphanumeric
codes. The codes belong to some controlled vocabulary of codes and the vocabulary
can be general or for some specific purpose. Example of a general vocabulary is the
International Classification of Diseases [6].

The currently most used clinical code vocabulary the ICD-10 constitutes over
120’000 codes [36]. This number of codes is a huge number of alphanumeric codes
for humans to learn and use without machine aid. In Finland, the ICD-10 vocabulary
has been in use since 1996 [37] with requirement from the European Union to switch
to the newer ICD-11 by 2029. [38, 39] The ICD-11 has been designed to be fully
digital and it aids in the transition of healthcare data to the 21st century. [40]

18



For the research into clinical coding different datasets have been created with
MIMIC-III [41] being the most used dataset for research into automated clinical
coding. MIMIC-III uses the ICD-9 [42] codec which was replaced in much of the
western world by ICD-10. Although the MIMIC-III is the more used version still,
a new version of the MIMIC database, MIMIC-IV, was published in 2023. [43] It
improves upon MIMIC-III by including both the ICD-9 and the ICD-10 codecs.

2.3 Research of Language Models in Clinical Coding
The use of machine learning in clinical coding has been researched increasingly in the
past years with the developments of AI. Various different models have been used thus
far in the automation of clinical coding. The results have varied between models and
studies.

CNNs have been used multiple times with one study achieving: precisions between
0.48 and 0.69; recalls between 0.78 and 0.91; and F-scores between 0.61 and 0.78 [44]
while another CNN achieving: precision at around 0.5; recall around 0.37; and F-score
of approximately 0.4 [8] A deep recurrent convolutional neural network approach
achieved F1-micro scores ranging from 0.74 to 0.85. [9]

In more recent studies tranfromer models have been used. A study using transformer
architecture achieved an average F1-score of 0.82. [45] Another transformer model
achieved better accuracy for clinical coding than humans. [46]

3 Discussion
In recent years, there has been an increase in the application of LLMs in healthcare.
Despite this the applications in automated clinical coding have remained low in
numbers. The newest research dives into transformer models with RNNs and CNNs
being still the most researched models in automated clinical coding. The newer state
space models achieve better with increasing context sizes and significant memory
improvements over trandsformers, RNNs and CNNs. This may limit the understanding
of what LLMs can do with structured healthcare data.

One significant reason for the slow adoption of newer architectures in the context
of healthcare data, is the lack of openly available high quality training sets. LLMs
often require billions of tokens to train a high performing model, however well curated
healthcare datasets are few in number. On top of which, healthcare data such as
doctor’s notes, anamnesis, details on medications, and discharge summaries are also
highly protected by privacy laws and regulations such as GDPR and HIPAA. Even
with de-identified datasets, regulatory bodies often impose restrictions on the use and
distribution of a dataset containing real patient data.

After overcoming the problem with the scarcity of a data set the next problem is
the linguistic variety that can be found in doctor’s transcriptions as doctors often use
arbitrary abbreviations, specialised language, and very general language all mixed
together creating a semantic challenge. While the increase in number of abbreviations,
symbols, and specialised words can be picked up by large language models, it is done
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so at a high computational cost. The language of the doctor’s notes also affects the
automation of clinical coding as the transcripts would either have to first be translated
into a lingua franca and then classified or the large language model would have to be
trained in all languages it will be used in. This problem is emphasized in bilingual and
multilingual countries such as Finland and Switzerland. In multilingual countries the
national healthcare system operates in multiple languages and thus an LLM application
in Switzerland for example would have to function in German, French and Italian.
This either increases the required training data for the application or the need for
machine translation before coding. Machine translation is challenging with highly
specialised texts and training and running an LLM that works equally well in two or
more languages is costly.

With these challenges, the first tackleable problem is the creation of high quality
data sets in order that an LLM even could theoretically be trained. The second
tackleable problem would be the lack of research into newer machine learning models
for clinical coding applications. The final problem to be tackled would be the linguistic
issue especially for multilingual countries.

4 Conclusion
In this thesis, we have explored the evolution of neural network architectures that form
the foundation of large language models. Starting from basic multilayer perceptrons,
we examined their limitations in scalability and sequence modeling, which led to the
development of more advanced architectures such as convolutional neural networks
and recurrent neural networks. The progression continued through long short-term
memory networks and their enhanced variants like xLSTM, addressing critical issues
such as vanishing gradients, limited memory, and lack of parallelism. This architectural
evolution culminated in the introduction of the transformer, which revolutionized NLP
by enabling efficient parallel processing and flexible attention mechanisms. More
recently, state-space models , including the S4 and S6 families, have emerged as
promising alternatives, offering efficient, scalable handling of long sequences while
blending properties of RNNs and CNNs.

These improvements in language modeling are positive winds for the future
automation of clinical coding applications as longer context frame, more efficient
training, and increasingly accurate models are what are needed. However despite a
promising direction, more research is needed into the automation of clinical coding
with the help of modern large language models.
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