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Abstract

In critical and complex life-and-death situations, such as during complex resuscitation proce-
dure, anesthesiologists’ decision-making is of utmost importance. Thus, clinical decision support
systems (CDSS) have been deployed to assist the medical staff by enhancing clinical decisions. In
a field where seconds can make the difference between life and death, integrating an autonomous
CDSS framework capable of predicting medical treatment planning and assisting accordingly,
can save lives. This requires the framework to accommodate a certain level of awareness and
understanding which will not affect clinicians’ work except in cases it is required. In addition,
the system must withstand diagnostic ambiguity and chaotic environment. In this paper, we de-
scribe a technique for mining speech uttered during medical simulations to automatically create
plans of resuscitation procedures, which leverage graph networks and language models. Fur-
thermore, during complex resuscitation, we describe a technique for recognising and monitoring
medical treatment plans and predicting physician next action. This can be used to save time
by prepping the required instrument in advance. This autonomous CDSS can be used to assist
anesthesiologists during medical emergencies, and our simulations shows it can save precious

minutes in prepping adrenaline dosage, which is crucial for a successful resuscitation.






Abbreviations and Notations

— ACLS: Advanced Cardiovascular Life Support.
— AI: Artificial Intelligence.

— CDSS: Clinical Decision Support System.
— CNN: Convolutional Neural Network.

— GCN: Graph Convolutional Networks.

— ICC: Interclass Correlation Coefficient.

— KB: Knowledge Base.

— KG: Knowledge Graph.

— MDP: Markov Decision Process.

— ML: Machine Learning.

— MLM: Masked Language Model.

— NLP: Natural Language Processing.

— OR: Operation Room.

— RL: Reinforcement Learning.

— SPM: Surgical Process Modelling.






Chapter 1

Introduction

In today’s medicine, anesthesiologists play a vital role in the care of physiologically unstable
patients, which are often prone to life threatening crises. During medical emergency, medical
practitioners are facing diagnostic ambiguity and numerous disruptions in chaotic work envi-
ronment. To overcome these challenges and provide the best possible medical care, anesthesia
professionals must execute highly coordinated strategies in a manner of seconds [1].

The notion of leveraging machine intelligence to assist with difficult decisions during com-
plex medical situations, has fascinated both clinicians and Artificial Intelligence (AI) researchers
[2]. The joint efforts of these two domains have produced intelligent technologies that provide
situation-specific advice that have an influence on the medical staff decision-making [3]. In the
dynamic settings of medical emergency, decision support systems can be valuable tools for opti-
mizing patient care outcomes. The clinical decision-making process is a complex one, since often
the medical data and patient information is vague, conflicting, missing, or non-interpretable.
Thus, clinical decision support systems (CDSS) require a sophisticated modeling methodology
that can handle these challenges and quickly make a decision. CDSS are designed to improve
physician’s work by enhancing medical decisions with targeted clinical knowledge, patient infor-
mation, and other medicinal data. With the technical advances in the field of machine learning
(ML) in recent years, computers can learn from past experiences and recognize patterns in the
clinical data. Therefore, future CDSS frameworks are expected to leverage information and ob-
servations otherwise unobtainable or uninterpretable by humans [4]. Moreover, they will become
significantly more autonomous, going beyond making suggestions to autonomously performing
certain tasks [5].

Contemporary state-of-the-art CDSS are mostly rely on knowledge bases (KBs) generated
from expert medical knowledge and clinical treatment guidelines. However, for a CDSS frame-
work to be influential during medical emergencies, it must be based on two fundamental ele-
ments: embedded medical knowledge and sequential decision-making. Integrating Al technolo-
gies which facilitate these key elements, will provide support to a considerable scope of decisions,
particularly in cases of uncertainty. In addition, such systems will gain the ability to manage
information from different domains and to evaluate the consequences of the proposed solutions.
This is most important when there is an abundance of variables to consider, which makes the
decision procedures dramatically more complicated [5].

In this paper we combine embedded medical knowledge with sequential decision-making to



produce a highly intelligent CDSS, which brings the model closer to the ideal CDSS framework
compared to the current literature. The key contribution of our research is the construction
of a fully automated speech-based framework for real-time anesthesiologist assistance. The
developed system is capable of automatic interpretation and reasoning of anesthesia workflow,
which allows the system to operate in an independent fashion and to autonomously assist the
medical staff in standard and emergency procedures.

The developed system operates as follows: Participants verbal communications were recorded
and analyzed using natural language processing (NLP) techniques to preform state estimation.
Based on the temporal order of the deduced states, a suitable plan was generated. The con-
structed plans are the foundations for the system knowledge graph (Figure 1). Next, with
advanced methods from language models and graph networks, the developed system uses the
collected information, previous and current action, as an input to predict the complete workflow
sequence. By constantly accumulating new information and making assumptions based on pre-
vious plans, the system performs sequential decision-making to deduce the most accurate plan
prediction in any given moment (Figure 2). Finally, the systems state prediction capabilities
were evaluated. In addition, we evaluated our CDSS on two benchmarks obtained from medical
simulation: medication management and real-time intervention. Our results show we are able

to provide timely advice.



Chapter 2

Related Work

2.1 Medical Knowledge Embedding

Knowledge graph (KG), also known as a semantic network, is a directed graph-structured data
model used to integrate information of real-world entities (i.e. objects, events, situations) and
illustrates the relationship between them. This approach encode knowledge into a form that is
amenable to automated analysis and inference. A KG is composed of three key components:
nodes, edges, and labels. Any entity can be a node while the edge defines the relationship
between the nodes. More formally, given a set of nodes N, and a set of labels L, a KG is a
subset of the cross product N x L x N.

KG embeddings are low-dimensional representations of the entities and relations in a KG.
They provide a generalizable context regarding the KG that can be used to infer relations.
The KG embeddings are computed so that they follow a given KG embedding model. By
using score functions that measure the distance of two entities, we can train and improve KG
embedding models. R-GCN [6] model was the first to successfully incorporate graph networks
for KG embedding. With the improvement in the methodology of KGs, many researchers have
successfully constructed heterogeneous graphs that reflect expert medical knowledge. Medical
KGs contain information regarding medicine and clinical practice guidelines, and over the past
years they have been constructed from extensive volumes of medical databases. Medical KGs
have significant potential for assisting physicians during clinical decision-making in complex
scenarios [7].

MedGraph [8] is a graph-based data structure capable of capturing both structural infor-
mation and temporal sequencing information. However, the proposed method is incapable of
performing medical recommendation. SMR [7] is another framework for decomposing medical
recommendation into a link prediction process while considering the patient’s medical history.

This work as well is incompatible in complex clinical scenarios, where time is of great importance.

2.2 Sequential Decision Making

Sequential decisions, a sequence of interrelated decisions over time, are encountered in patient
clinical treatment. Due to the uncertainty regarding the effects of a series of treatments over

time, the ability to predict clinicians’ course of treatment becomes a challenging task. To over-



come these uncertainties, researchers modeled them directly as probabilistic components in a
Markov decision processes (MDPs) model [9]. In their paper, Schaefer et. al. presented an
efficient method for determining the ideal sequence of decisions\actions in a dynamic and uncer-
tain clinical environment. In addition, the framework allows both qualitative and quantitative
analysis of the procedure. However, as the size of the problem increases, MDPs become harder
to solve.

Recent studies developed new mathematical and statistical modeling techniques for em-
bedding medical processes into computers. These models pave the way for facilitating clinical

decision-making process using neural networks [10].

2.3 Clinical Decision Support Systems

Reasoning with knowledge bases and sequential decision-making are both methods of reasoning
in the presence of uncertainty, and have been applied separately in different CDSS frameworks.
While both areas have been thoroughly researched and the literature of each is extensive, re-
searchers have yet explored their combined strengths [11]. Recently published literature [12]
introduced new method for improving patient care in a data-driven manner, especially in acute
care settings. Although helpful, Senders et. al. have not taken into consideration the impor-
tance of decisions that are dependent on previous actions. Another paper by Prasad et. al. [13]
have modeled process using sequential decision-making, which can be learned by neural net-
works. In their paper they used reinforcement learning (RL) approach to achieved dynamic and
personalized policies in different medical aspects. Nevertheless, the proposed methods are not
bound by medical knowledge and guidelines, which is unsettling when safety and accountability

is paramount.



Chapter 3

Materials and Methods

Collecting medical emergency data in a hospital is a difficult task due to the unpredictable
and complicated nature of the work environment. Furthermore, unlike surgery and other clin-
ical tasks which are typically confined to specific areas in the hospital, advanced resuscitation
may accrue sporadically in any location in the hospital. Therefore, in this study we collected
data using clinical simulations. Clinical simulation provide a platform for collecting clinical
performance data, since they can offer the opportunity to directly observe events in a safe and
controlled environment [14]. Furthermore, simulation-based assessment is a method commonly
developed for performance-based assessment of medical practitioners [15].

Two simulation scenarios were developed: management of a patient with a severe anaphylaxis
reaction and a patient after surgery suffering from severe bradycardia. Both simulations were
developed by an experienced anesthesiologist to practice residents for the anesthesiology board
certification exam.

Twenty senior anesthesiology residents, 13 males and 7 females, participated in the study.
Eight of them performed both simulation scenarios, five residents performed only the anaphylaxis
scenario and seven performed only the bradycardia scenario. In addition, two members of the
research team played the roles of a nurse and a medical intern. During the simulation, an
experienced anesthesiologist evaluated the resident’s performance using a checklist. A ‘Laerdal’
MegaCode Kelly, a full body manikin designed for the practice of Advanced Cardiovascular Life
Support (ACLS), was used as the patient (Figure 3.1). The study was approved by the hospital
IRB committee.

As part of the study, we developed a simulation setup for data collecting inside the hospital,
at the post-surgery recovery unit. Thus, ensuring a realistic environment. The setup included
video and audio recording, managed by StreamPix (NorPix Inc.). The recorded video data
was collected from 3 different cameras, each recording a different angle of the simulation. In
addition, we recorded the patient monitor. As for audio recordings, both the resident and the
nurse wore a wireless lavalier microphone transmitter (Sony UWP-D11), which was connected to
a digital mixer (Tascam US-20x20). Each audio channel was recorded separately and transcribed
afterwards.

Similar to other medical simulation studies [16], a task specific checklist was developed for
each scenario. The checklist included approximately 35 tasks the participants were expected

to perform. Each task includes short descriptions for the examiners, which guide them in the



Figure 3.1: Image from a simulation.

process of identifying the different assignments performed by the participants.

3.1 Plan monitoring

In our previous research [17], we observed that in most cases the conversation among medical
staff may indicate the physical action being performed. By analyzing the participants’ speech, we
can automatically identify and fill the appropriate rubrics in a task specific checklist. To this end,
we developed an end-to-end fully automatic speech-based objective checklist validation system,
capable of identifying anesthesia residents’ actions based solely on the participants’ speech.
For each task description the system generates a bag-of-words, a multi-set of the description
words, disregarding grammar and word order while preserving multiplicity. The bag-of-words
allow us to evaluate how well a sentence in the transcription describes the task in hand. The
matching process is based on term frequency—inverse document frequency (TF-IDF) [18] with
threshold argmax. This is a numerical statistic that is intended to reflect how important a
word is to a sentence in a corpus. According to this approach we multiply two metrics: word
frequency in a corpus, and the normalized word frequency where each word count is divided by
the number of sentences this word appears in. The higher the score, the more relevant that word
is in that particular description. Once we calculated the TF-IDF score of each sentence in the
transcription, with respect to the task description in hand, we match the most suitable sentence
according to the highest value (threshold argmax). The output of our system is a filled-out
checklist, where each task comes alongside with the most suitable sentence in the transcription

and the sentence timestamp (Table 3.1). This allows us to verify our system performance.

3.2 From State Estimation to Plan

As mentioned, to fill-in the checklist, our system performs matching process between sentences in
the transcription and the task at hand. This can be considered as state estimation. Afterwards,
the system produces the marked checklist with the corresponding timestamp for each task. With

our previous system output, we can easily transform the filled checklist into a sequence of states,
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Task Timestamp Evidence in Text

Listening to the lungs and heart 00:03:00.520 "I am listening”

”Give me Adrenaline. OK, thank

Adrenaline 0.2 - 0.3 mg 00:04:28.040 vou. Adrenaline is inside”

Ventolin Inhalation - Half a cc of Ventolin | 00:03:54.540 | "We can do Ventolin inhalation”

Table 3.1: Example of the speech-based checklist system output (translated from Hebrew)

Input: GCN: Output:

Rule-based

graph representation

Figure 3.2: General description of the network architecture for embedding medical knowledge
and sequential decision-making. Input: Marked checklist with the corresponding timestamp
for each task is transformed into a sequence of states (plan), in which the nodes represent the
performed tasks (state) while the edges represent the order of events. By joining them together
we form a directed graph. GCN: Graph Convolution network. A series of chronological medical
actions are the input of the graph network, of which the model can learn the hidden sequential
decision-making and embed medical knowledge. Output: The model produces a rule-based
graph representation of medical actions nodes.

Figure 3.3: General description of step prediction task. The developed system uses the collected
information, previous and current action, as an input to predict the next most probable action.
By constantly accumulating information, the system performs sequential decision-making to
deduce the most accurate prediction in any given moment. In the presented example, the input
is the left sequence of letters (A-D) and the black node with the question mark stands for a
single step prediction. The right sequence of letters (A-E) stands for the system output, where
the letter 'E’ is the predicted step.
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and generate a plan in which the nodes represent the performed tasks (state) while the edges
represent the order of events. Once we transformed each recorded simulation into a plan, we

can join them together to form a graph. This will serve as the infrastructure for the model KG.

3.3 Language Models

The requirement for a model capable of embedding expert medical knowledge, led us to adopt
models from the NLP field. With the use of various statistic and probabilistic techniques, lan-
guage models (LM) encode the complexities of language, the grammatical structures, by learning
the features and characteristics of a given language. With a sufficient amount of training data,
the model can establish contextual rules. Eventually, for a new corpora data, LM can accu-
rately place distributions over sequence of words and sentences. In traditional LM techniques,
during the process of learning grammatical knowledge on vast amounts of data, LMs compactly
extract knowledge and information encoded in the training data, and may even store relational
knowledge from extensively different contexts [19]. The potential of knowledge transfer from
the training data to the model, though limited, is crucial for our task.

Although medical workflow allows shifts in the actions sequentially, the order is not sporadic.
Since physician behavior is rule-based by medical knowledge and clinical guidelines, we claim
that a computer can find patterns and rules in physicians actions. Just as traditional LM learn
grammatical structures from sequences of words, we can apply the same principles on series of
chronological ordered medical actions. Due to that, we argue that medical actions relational
knowledge is a sufficient substitute for medical knowledge, and therefore, traditional LM has the
potential to embed medical knowledge.

Nevertheless, the information presented in our cumulative KG is sparse and often incom-
plete. This phenomena has devastating results on the process of embedding KGs in LM, and
recent publication by He et. al. [20] proposed to harness the potential of graph networks to
overcome this challenge. In this study we applied methods of graph networks, specifically the
link prediction problem, to find new patterns and sequences in the KG.

To the best of our knowledge, we are the first to use modern LM techniques to embed medical

knowledge within a model.

3.4 Graph Convolutional Networks

In the last decade, Convolutional Neural Networks (CNN’s) have gained extensive achievements
on Euclidean data. However, data in the real world may have underlying graph structures which
are non-Euclidean. The non-regularity of data structures has led to recent advancements in new
forms of CNNs [21].

Graph Convolutional Networks (GCNs) [22] are an evolved form of CNNs on graphs, which
already achieved state-of-the-art results in various application areas [23, 11]. Instead of having
an input of 2-D or 3-D arrays, GCN takes a graph as an input. Similar to CNNs, a k-layer GCN
is identical to applying a k-layer convolution on the feature vector z; of each node in the graph.
The “graph convolution” applies the same linear transformation to all node’s neighbors. The

difference is in the hidden representation of each node, as it is normalized with its neighbors
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at the beginning of each layer. Afterwards, by stacking layers of filters followed by a nonlinear
activation function, the network can learn the graph representations.

The input to graph convolution layer is a set of N node features from embedding layer
h = {hy,ha,...,hx} where h; € IR represents the d-dimensional features of ith node; a set of
relation types R = {r1,r2,...,7t}; and a set of relation features m = {my, mo, ..., my}, where
my € R is the feature vector of r?-relation type of dimension d.

GCNs have a great expressive power to learn the graph representations and have achieved a
superior performance in a wide range of tasks and applications, one of them is the link prediction

problem.

3.5 Link Prediction Problem

The link prediction problem is that given the node features X, the model can output whether
two nodes are connected by an edge. To be more accurate, in a domain specific graph G(V, E)
where V' = {1,2,, N} is the node set and E C V x V is the link set, GCN utilizes edges F € G
to aggregate and learn node embeddings. The possibility of a connection is decided according
to the similarity score of two node embeddings [22]. When it comes to KGs, embeddings are
typically used to represent entities and relationships which embody the characteristics of the
graph structure. Link prediction uses the resulting vectors to find possible and unobserved
associations (links) between two nodes.

In our case, link prediction can find new patterns and associations between different medical
action nodes. This allows the model to generate new plans not yet been performed by human
participants. In addition, with link prediction we can minimize the difficulty of incomplete KG.

We evaluate the KG embeddings under the closed-world assumption, in which not observed
connection between two nodes in a given knowledge graph are false. This assumption transform
the evaluation to a well-defined task. Models are judged solely by their ability to fit known data.

In our work we are applying deep learning techniques, which allows us to produce better

results even when the input does not obey the graph structure.

3.6 Model Training Objectives

A GCN-based link prediction model optimizes the likelihood of connectivity between two nodes u
and v, as a function of the node representation, hu(L) and hv(L) , computed from the multi-layer
GCN:

Yuw = S(he' P 1y (B)) (3.1)

Where y,, is the score between node v and node v. Given an edge connecting u and v, we
encourage the y,, ,, score to be higher than the score between node u and a different node v’ from
graph G. The Binary Cross-entropy loss function applied in the network training can achieve
the behavior above if minimized. More specifically, for each node in G, we generate a node
context g. based on its features. For a given plan input, we mask a node and its edges randomly.
During the masking procedure, the graph structure is left unperturbed. Therefore, the training

is learnt by maximizing the probability of observing the masked node v,, and its edges e,, based
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on the context g.. According to our model, the whole simulation plans is the graph G, each
task/state in the checklist is a node v and the edges reflect the state (actions) temporal order.
As for the node context, g. is generated according to the node neighborhood and the general

graph structure.

3.7 Step Prediction

Once the model training objectives achieved satisfying results, i.e, the model learned the chrono-
logical order of medical actions, the systems state (action) prediction capabilities were evaluated
using step prediction. Step prediction refers to the use of a model to make a prediction ahead
in time, where the ’prediction horizon’ defines the extent of future prediction [24].

Due to the chaotic nature and noise in our database, developing a model that accurately
predict the next action with horizon of one and two steps is a challenging task. The approach we
apply for step prediction is as follows: each prediction from a one-step-ahead prediction model is
the input for future prediction horizon, and the total loss is composed of the difference between
the predicted action and the ground truth in each time step.

For the construction of the plan, we designed an iterative plan generation process and for-
mulated it as a general decision process M = (S, A, P), where S = {s;} is the set of states
that consists of all possible intermediate and final plans, A = {a;} is the set of actions that
describe the modification made to current plan at each time step, P is the transition dynamics
that specifies the possible outcomes of carrying out an action, p(s¢y1|s, ...s0, at). The procedure
to generate a plan can then be described by a sub-plan (sg, ag, ..., Sn, a,), where s, is the final
generated plan. The addition of a sub-plan at each time step can be viewed as a state tran-
sition distribution: p(si11]s¢, ..., 80) = >_g4, P(at|st, -.-50)P(St+1]8¢, -.-50, ar), where p(az|s, ...s0) is
the policy network ¢y. We design a plan generation procedure that can be formulated as a
MDP, which requires to satisfy p(siy1|s¢,...50) = p(s¢+1/s¢). Under this property, the policy
network only needs the intermediate graph state s; to derive an action. The action is used by

the environment to update the intermediate plan being generated.

3.8 Implementation Details

Computing infrastructure used for running experiments included a single NVIDIA GeForce
GTX 1070 GPU with 8 GB of memory, and Linux 20.04.2 LTS operating system. The proposed
network was implemented using PyTorch 1.9 [25]. The dimension of contextual node embeddings
is set to 1024. The network was trained from scratch for 120 epochs, while the fine-tuning steps
were trained with an additional 30 epochs. We also experimented with other settings and found
that small changes did not change the results much. Both training and fine-tuning stages were
trained with a batch size of 1 using the binary cross-entropy with logits loss function. The model
parameters were trained with ADAM optimizer [26] with a learning rate of 0.0001 and 0.001
for training and fine-tuning steps, respectively. The best model parameters were selected based
on the development set. In the construction of our network architecture, we applied methods
from ‘NetworkX’ [27] - a Python language package for exploration and analysis of networks and

network algorithms.
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As mentioned earlier, for each simulation report we generate a chronologically ordered se-
quence of medical actions in the form of a table. We than transform the table in to a plan using
"NetworkX’ and by joining all of the plans together we form a graph. This is the foundation for
the framework KG. The embedding of medical knowledge was achieved by GCNs network for
graph representation and Link Prediction for finding new connections and patterns in the di-
rected graph. The network architecture is as follows: first, the input graph is passed into a graph
embedding layer. For each entity in the graph, we concatenate the various textual attributes to
obtain their embeddings. These embeddings form an initial feature vector of entities to be used
in the training. Afterwards, we apply 6 layers of graph convolutions and batch normalization
followed by the Sigmoid function. The loss is calculated using binary cross-entropy with logits
on the link prediction results. Afterwards, once the model was sufficiently trained, we tested the
embedded knowledge by predicting the resident actions. The process of predicting the resident
next action was based on step prediction with MSE loss function. Using this method, we mask
several nodes and edges in a given sequence and the model is expected to predict those masked
tasks based on presented sequence. Such training scheme makes this model bidirectional in

nature. 3-fold cross validation approach was applied on all results.

3.9 Empirical Evaluation

The usefulness of the system was evaluated using two potential applications:

1. Medication Management. Adrenaline injection plays a key role in the successful man-
agement of resuscitation. To evaluate the network ability to oversee the resident’s medi-
cation management, we performed a two stages evaluation: keyword recognition and state

prediction.

(a) Keyword Recognition. We compared the number of times the resident asked for
adrenaline and the number accumulated by the system. To evaluate the results
we used the interclass correlation coefficient (ICC) [28] - a descriptive statistic that
assess the consistency of the quantitative measurements made by different observers
measuring the same quantity. ICC score lower than 0.5 is considered the be a poor
reliability, 0.5 — 0.75 is considered a moderate reliability, 0.75 — 0.9 is good reliability
and greater than 0.9 is excellent reliability. We calculated the ICC score based on

One-way random effects formula:

MSg — MSg
MSg

Where M SR is the mean square for rows and M Sg is the mean square for error.

(3.2)

(b) State Prediction. We designed the system to predict the timing of the adrenaline
injection based on state history. The system input is the previous actions performed
by the resident, and the output is the next action prediction. We examined the time

delta between the resident and the system output.

2. Defibrillator Management. As mentioned, two clinical scenarios were deployed during

the data collecting: severe anaphylaxis reaction and bradycardia. In the case of brady-
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cardia, part of the expected treatment is to use the defibrillator while in the anaphylaxis
scenario it is prohibited. As for our system, the task in hand was step prediction — the
ability to predict the physician next state based on his previews states. To validate our

results, we evaluated two parameters:

(a) Prediction of defibrillator usage — the system should never predict defibrillator in the

anaphylaxis scenario and should predict it at least once for the severe bradycardia.

(b) Time reduction — when the clinical scenario requires a defibrillator, quick delivery of
the electrical shock may play a critical role in a successful resuscitation. However,
bringing and operating the defibrillator may take time. Therefore, we examined how
much time before the physician requires the defibrillator, our system predicts it will
be needed. We compared this to the average time it took to bring the defibrillator.
This represents the potential time the system may save in the delivery of the electrical
shock.
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Chapter 4

Results

4.1 Model Evaluation

Link prediction results of the entire plan sequence were based on train and validation loss as

well as validation and test accuracy. After 115 epochs, our model achieved the following results:

’ Task ‘ Validation Acc. ‘ Test Acc. ‘
One step prediction 1.0000 0.8947
Two step prediction 0.7202 0.7037

Table 4.1: Model evaluation results

4.2 Medication Management

The system achieved an ICC score of 0.783. This means that the system is capable of correctly
identifying and documenting the request for adrenaline injection. Which implies it can identify
and follow orders, even in a real environment. In addition, the system was able to predict the
adrenaline injection timing faster than the human counterpart. The average time delta was
00:01:28 (1 minute and 28 seconds) in favor of our system.

The number of times the system would have asked for the adrenaline injection, based on the
resident simulation plan was evaluated. The predicted results were compared with the expected
result using the ICC score. The system has outmatched the resident with ICC of 0.833 while

the human participants achieved an ICC score of 0.583.

4.3 Defibrillator Management

In 2 of the 15 bradycardia cases the participant failed to request the defibrillator while the
system successfully predicted the need for defibrillator in all the cases. This shows the potential
of our system to serve as a decision-support system in a real clinical environment. Out of 13
anaphylaxis simulations, in just one simulation our system failed to predict the correct treatment
and suggested the use of a defibrillator. Based on these results, our system is capable of correctly

predict the use/misuse of the defibrillator.
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We define the time interval of defibrillator usage as follows: the moment the resident in-
structed another medical personnel to bring in the defibrillator until the moment the manikin
recorded the electrical shock. Based on the collected data, the average defibrillator usage time
interval was 00:01:264+00:00:46. Based solely on the severe bradycardia simulations, one step
prediction has a time gap of 00:00:50+00:00:50 in favor of our system, while the two steps predic-
tion has a time gap of 00:01:12+00:01:18. Thus, the system can shorten the delay in providing

the electrical shock.
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Chapter 5
Conclusion & Open Questions

In this study we examined the potential of a fully aware CDSS in the context of critical, clinical
decision-making. This is considered to be a difficult objective on account of the required level
of awareness and understanding expected of the system, which will not constrain clinicians’
work except when it needs to. In addition, during medical emergencies, CDSS are expected to
encounter ambiguous information and numerous disruptions from the work environments. These
factors combined may affect the CDSS performances. Therefore, we constructed a framework for
clinical data collecting from anesthesia residents’ medical simulations. Since real clinical cases
are sporadic and challenging to capture, we used clinical simulation as a suitable alternative. For
each collected simulation data, we generated the resident plan and combined them together to
establish the system KB. Afterwards, the system can use new collected information, previous and
current action, as an input to predict the complete workflow sequence. The system is completely
autonomous and a fully automatic pipeline from raw audio files to a complete process plan was
established. Since the system only requires audio signals, it doesn’t interfere with the medical
staff workflow and minimizes the invasion of privacy.

We first tested our systems ability to predict the next step in the procedure. We then
evaluated the system applicability using two practical applications: medication management
and real-time intervention. Both evaluations have shown promising results on the collected
simulations data and therefore, our framework has proven its potential to supervise over the

activity during a medical emergency and to assist in a complex decision-making situation.

5.1 Identification and Validation of Actions

For each simulation recording automatic transcription was performed, and afterwards keywords
were identified in each sentence. Using these keywords, a matching process between the checklist
tasks and the corpus sentences was implemented. The outcome of the algorithm was a filled
checklist in which the completed tasks are provided with a matching sentence and timestamp.
The native language of the current participants of this study is Hebrew. This poses a unique
challenge common to Morphologically Rich Language. As clearly evident from the results, using
lexical analysis improved our system performances, and might have a greater impact on a more
complex models. We plan to expand our work to other languages in the future and assess the

system performance.
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The system was successful in correctly identifying most of the tasks performed by the partic-
ipants. Yet, one limitation of the system is that it is currently based on keyword matching and
not on a more complex model of the conversation. The method in use has limited accuracy, and
in addition, only provides a binary score indication whether the task was preformed or not. For
example, the current system may indicate a drug was provided but it will not assess the dosage.
In order to develop a more complex algorithm, a significantly larger data base is required. We
are continuously collecting data that focuses both on a larger number of participants as well as a

wide range of clinical scenarios. This will expedite the development of more complex algorithms.

5.2 Prediction of Trajectory

For each collected simulation data, we generated the resident trajectory and combined them
together to establish the system KB. Afterwards, the system can use new collected information,
previous and current action, as an input to predict the complete workflow sequence.

We first tested our systems ability to predict the next step in the procedure. We then
evaluated the system applicability using two practical applications: medication management
and real-time intervention. Both evaluations have shown promising results on the collected
simulations data and as of that, our framework has proven its potential to supervise over the
activity during a medical emergency and to assist in a complex decision-making situation. Yet,
the method we used for state estimation has limited accuracy, and in addition, only provides
a binary score indication whether the task was preformed or not. In order to develop a more
complex algorithm, a significantly larger data base is required. Another limitation we need
to consider is the lack of sufficient participants. By exposing the model to a wider range of
physicians’ behavior we can improve its predictions and certainty. We are continuously collecting
data that focuses both on a larger number of participants and a wider range of medical scenarios.
This will facilitate the development of more complex frameworks, which will enhance the its

functionality.

5.3 Future Research

In the future, the proposed model can be improved by enriching the database representation.
Medication dosage, quality of procedure and temporal information can provide the model addi-
tional information to deduce better predictions. Another aspect to consider is how these systems

can be applied in the hospital and assist the medical staff work without disturbing the workflow.

5.4 Open Questions

Participants behavior. Participants will always approach a simulator differently compared
to real life. Two common changes in attitude can occur: (a) hypervigilance, which causes
excessive concern because one knows an event is about to occur; and (b) cavalier behaviour,
which occurs because it is clear no human life is at stake. These effects may co-exist and
counterbalance and may have a dramatic effect on our system performance. This raises the

question on rather we can anticipate this behavior or at least minimize its affect.
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Unpredicted behavior In rear occasions, a participant may treat a patient in whole new
approach that have never been learned in our system. The question here is how to design a

network that can comprehend fuzzy logic and unknown behavior.
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Appendix A

Appendix

A.1 Network Training

Training and Validation Loss
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Figure A.1: Network training process. Train vs. Validation Loss Graph.
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Figure A.2: Network training process. Validation vs. Test Accuracy Graph.



A.2 Network Validation

File Name Start CPR End CPR Delta Expected Human Checklist Transcriprtion
| 01-07-21_06-56-23.000 00:05:52 00:10:55 0:05:03 2 2 2
|01-12-21_06-55-47.000 00:06:02 00:11:18 0:05:16 2 4 4
|01-13-21_07-01-24.000 00:06:11 00:08:07 0:02:56 1 3 2
|01-21-21_07-13-14.000 00:10:17 00:14:55 0:04:38 2 3 4
|01-26-21_06-57-16.000 00:06:22 00:15:47 0:09:25 3 0 o
| 02-02-21_06-59-20.000 00:04:25 00:09:46 0:05:21 3 3 3
|02-25-21_06-48-22.000 00:05:13 00:08:33 0:03:20 2 1 1
| 03-02-21_07-14-22.000 00:03:35 00:09:33 0:05:58 2 1 1
|03-03-21_07-43-17.000 00:07:51 00:10:11 0:02:20 1 1 1
| 03-03-21_08-15-57.000 0 0
|03-03-21_08-43-18.000 00:08:56 00:14:12 0:05:16 2 2 3
| 03-03-21_09-35-02.000 00:05:18 00:11:10 0:05:52 2 2 2
|03-03-21_10-13-28.000 00:06:31 00:10:11 0:03:40 2 2 2
| 03-03-21_10-57-03.000 00:03:36 00:11:36 0:08:00 3 1 1
|03-03-21_11-32-13.000 00:08:30 00:11:34 0:03:04 1 2 2
|03-03-21_12-13-45.000 00:06:38 00:10:42 0:04:04 2 2 2
|03-03-21_13-47-27.000 00:03:16 00:07:26 0:04:10 2 2 1
| 03-04-21_06-59-24.000 00:05:44 00:11:48 0:06:04 2 2 2
|03-03-21_07-05-10.000 00:07:23 00:039:38 0:02:15 1 2 4
|03-11-21_06-54-56.000 00:07:33 00:10:38 0:03:05 1 2 0
|03-16-21_07-01-22.000 00:07:40 00:14:11 0:06:31 3 1 1
|03-25-21_07-14-46.000 00:04:01 00:11:45 0:07:44 2 2 1
|04-27-21_07-16-48.000 00:04:55 00:09:23 0:04:28 2 2 1
| 04-25-21_06-48-35.000 00:05:36 00:10:40 0:05:04 2 4 3
|05-04-21_06-46-03.000 00:04:19 00:11:52 0:07:33 3 0 o
| 05-18-21_07-18-26.000 00:01:06 00:08:53 0:07:47 3 3 3

Figure A.3: Medication management. Adrenaline keyword recognition.

Machine vs. Human

File Name Human First Dosage Machine First Dosage Timming Delta Average STD

0:01:28 0:01:15
03-03-21_08-43-18.000 :08:: :08:: On time
03-03-21 08-15-57.000 Never
05-04-21_06-46-03.000 Befare
01-26-21 06-57-16.000 Befare
0:00:35 0:00:14

Figure A.4: Medication management. Adrenaline state prediction.
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Prediction

One Step prediction

One Step prediction

Prediction

Two Steps prediction

Two Steps prediction

Confidance Timming

Current Action

Current Time Accurate Timmimg Duration

0.8947 Before Start Chest Compression 00:03:10 0:05:33 0:02:23
0.8354 Befare Adrenaline 1 mg 00:07:47 00:09:22 0:01:35
0.7938 Befare Call for help 00:02:20 0:03:00 0:00:40
0.8732 Befare Identify VF 00:04:19 0:06:26 0:02:07
0.8753 Ontime Start Air bag ventilation 00:03:45 0:03:50 " n:00:05
0.8752  Ontime Call for help 00:07:00 0:07:16 0:00:16
0.9002  Ontime Startchest compressions 00:04:38 0:04:51 0:00:13
0.88 On time Identify VF 00:04:01 0:04:07 0:00:06

0.9 On time Atropine 0.1- 1 mg 00:02:04 0:02:46 0:00:42
0.9004 Ontime Atropine 0.1-1mg 0:01:30 0:01:43 0:00:13
0.8398 Late Start chest compressions 0:04:20 0:04:03 0:00:17
0.8947 Late Start Chest Compression 0:07:07 E 0:00:14
0.892 Atropine 0.1-1mg#3 00:03:52 Inf TiVALUE!

Confidance Timming

Current Action

Current Time Accurate Timmimg Duration

0.7202 Before Call for help 00:01:13 0:05:33 0:04:20
0.7567 Befare Identify VF 0:03:35 :04: 0:00:28
0.7562  Ontime Call for help 00:03:40 0:03:50 0:00:10
0.7812 On time Connect patient to pacer 00:04:00 0:06:53 0:02:53
0.8752 Ontime Call for help 00:07:00 0:07:16 0:00:16
0.3002 Ontime Startchest compressions 00:04:38 0:04:51 0:00:13
0.7664  Ontime Adrenaline 1 mg 00:08:56 00:09:22 0:00:26
0.8337 On time Atropine 0.1-1mg 00:02:53 0:04:07 0:01:14
0.8024  Ontime Start CPR 00:05:06 0:06:26 " 0:01:20
0.8125 On time Start CPR 00:01:06 0:00:37
0.7009 Late Atropine 0.1- 1 mg 00:02:04 0:00:42
0.7009 Late Call for help 00:02:20 i 0:00:40
0.7962 Never Atropine 0.1- 1 mg #2 00:02:48 Inf TiVALUE!

Time Saved
Time Lost

N2 7W NIVD 1T

Time Saved
Time Lost

N2 7W NIVD 1T

TUAN 7 NIWD

Average
0:00:50
0:00:16

Average
0:01:12
0:00:41

Figure A.5: Real-time intervention. Defibrillator state prediction.
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