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Abstract

The cardiac surgery operating room is a high-risk and complex environment in which multiple 

experts work as a team to provide safe and excellent care to patients. During the cardiopulmonary 

bypass phase of cardiac surgery, critical decisions need to be made and the perfusionists play a 

crucial role in assessing available information and taking a certain course of action. In this paper, 

we report the findings of a simulation-based study using machine learning to build predictive 

models of perfusionists’ decision-making during critical situations in the operating room (OR). 

Performing 30-fold cross-validation across 30 random seeds, our machine learning approach was 
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able to achieve an accuracy of 78.2% (95% confidence interval: 77.8% to 78.6%) in predicting 

perfusionists’ actions, having access to only 148 simulations. The findings from this study may 

inform future development of computerised clinical decision support tools to be embedded into the 

OR, improving patient safety and surgical outcomes.
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Introduction

In the U.S. alone, it is estimated that more than 500,000 cardiac surgery operations are 

performed annually, with most of these procedures involving cardiopulmonary bypass (CPB) 

through a perfusion system managed by a perfusionist. (Epstein 2011; Alkhouli et al. 

2020) Over the past 50 years, despite considerable improvements in patient safety, the 

incidence of preventable adverse events continues to be high in cardiac surgery, compared 

to other surgical specialities. (Cooley and Frazier 2000; Melly et al. 2018) Among the many 

factors that impact patient outcomes, intraoperative performance during CPB presents a 

strong association with both short- and long-term morbidity and mortality among patients 

undergoing cardiac surgery. (Salis et al. 2008; Chalmers et al. 2014)

During CPB, the perfusionist plays a critical role in managing the perfusion system while 

concurrently coordinating other complex tasks with the surgical, anaesthesia, and nursing 

sub-teams. (Dias et al. 2021) In addition to having sufficient knowledge and technical skills, 

perfusionists are required to simultaneously process a vast amount of information received 

from multiple sources (i.e. auditory and visual). They also need to perform tasks under 

stressful conditions, and efficiently communicate with the cardiac team using closed-loop 

techniques. (Wiegmann et al. 2009; Dias et al. 2018) Although safety devices and systems 

(e.g. line filters, bubble alarms, and automatic shut-offs) have been incorporated into modern 

perfusion systems, several studies have continued to report large variation in perfusionist 

practices, (Tuble et al. 2009; Ali et al. 2018) as well as persistent incidences of perfusionist-

related errors, impacting patient safety and surgical outcomes in the cardiac operating room 

(OR). (Mejak et al. 2000; Charrière et al. 2007)

Throughout a cardiac surgery procedure, perfusionists face several challenging situations 

that demand critical decision-making. In a previous study, mapping process models for 

the intraoperative phase of cardiac surgery, (Dias et al. 2021) have found that during 

CPB, there are 4 steps and 21 substeps where the perfusionists play a central role while 

interacting with the perfusion system. This study has identified 12 decision points, 9 critical 

communications, 17 pitfalls, and 10 problem-solving/prevention strategies that cardiac teams 

use during the CPB phase. In the present study, we aimed to model expert perfusionists’ 

decision-making process using a simulated dataset and predict perfusionists’ actions during 

a critical clinical situation using machine learning techniques. The findings from this study 

may inform the future development of computerised decision-support systems in the OR 

with the potential to improve patient safety and surgical outcomes.
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Study design and setting

This study received regulatory approval from Harvard Medical School and VA Boston 

Institutional Review Boards (IRB #3296). All participants involved signed an informed 

consent document before the start of the procedures. The study used a computer-generated 

simulated dataset.

Participants and procedures

We recruited two expert perfusionists (more than 10 years of experience) to participate in a 

total of 154 simulated decision-making trials (77 trials per perfusionist). Each perfusionist 

evaluated a different set of trials. All trials involved the situation during CPB in which the 

patient’s delivery of oxygen (DO2) levels were below a clinically relevant pre-determined 

threshold. A patient’s DO2 level, measured through new perfusion systems, is constantly 

monitored among many metrics by the perfusionist during the CPB phase. Based on 

evidence from the Goal-directed Perfusion Trial (GIFT), (Ranucci et al. 2018) when DO2 

levels are below a certain threshold (<280 ml/min/m2) the perfusionist needs to make a 

decision in order to improve the delivery of oxygen to the patient’s tissues to avoid a rise in 

lactate and associated morbidity. This is considered a critical decision since the DO2 levels 

are directly associated with post-operative outcomes. (Ranucci et al. 2018)

Each decision trial consisted of selecting one action out of a set of five: 1) reduce flow; 2) 

transfuse red cells; 3) hemoconcentrate; 4) standby and alert the surgeon; and 5) standby but 

do not alert the surgeon. According to discussions with expert perfusionists, each of these 

actions is considered a suitable response to suboptimal DO2 levels, depending upon specific 

conditions. These decisions (output) were based upon a set of five state variables (input): 

haematocrit, haemoglobin, arterial flow, body surface area, and a triggering event (e.g. an 

obstruction exists due to the position of the cannulas). The values for the continuous input 

variables were based on ranges commonly seen in cardiac surgery and generated randomly 

in Microsoft Excel. We encode the natural language triggering event via one-hot encoding 

since there are three possible events in total.

Data modelling and machine learning

In this section, we present a framework for learning, via expert demonstration, a perfusionist 

behaviour policy that correctly determines a perfusionist action as a function of the 

state. Based on prior work, (Gombolay et al. 2016; Paleja et al. 2020) in learning via 

expert demonstration, we leverage a machine learning model that performs counterfactual 

reasoning through pairwise comparisons to learn to predict which action an expert would 

take in a novel situation.

Our pairwise classification model infers a ranking over output classes (i.e. perfusionist 

actions) via pairwise comparisons with all other output classes (i.e. alternative actions). We 

then compute the highest-ranking class, representing the model’s prediction of the preferred 

action. As we are only given the actions chosen by the demonstrating perfusionist and 

not the relative importance between outputs, we must first reformat training examples to 

construct pairwise comparisons between the decision chosen by the perfusionist and those 

not chosen.
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We can create positive counterfactuals and negative counterfactuals via Equation 1 and 2, 

respectively. Here, the term counterfactual denotes that the model is comparing two output 

classes and reasoning about why an output class was chosen over another. Equation 1 creates 

a positive counterfactual example for each perfusionist decision. The counterfactual example 

consists of the feature vector describing the current state, x (haematocrit, haemoglobin, 

arterial flow, body surface area, and a trigger event), and descriptors encoding output-

specific information relating to each of the possible outputs (xa and xa′). Utilising the 

difference of output-specific features between the decision chosen, a, and a decision that 

was not chosen, a′, the state x, and a positive label, ya,a′ = 1, we define positive examples 

as displayed in Equation 1. We can similarly define negative examples by utilising the 

difference of output-specific features between the decision not chosen, a′, and a decision 

that was chosen, a, the state x, and a negative label, ya,a′ = 0, denoting that a′ is not 

preferred over decision a. We note that the dataset does not provide output-specific features, 

xa. Accordingly, we utilise a one-hot encoding of length five to represent output-specific 

information, where the output chosen would be given a value of 1 in the corresponding 

index of the one-hot encoding. Given a single observation, we can compute four positive 

examples, and four negative examples (as there are five total classes). We note that this 

model is technically a hybrid pointwise-pairwise model, as we include a pointwise term, x, 

that captures the state of the world, and pairwise terms, xa − xa′ or xa′ − xa, to reason about 

the differences in actions. Preserving this pointwise information is critical, as it provides the 

contextual information to perform the pairwise comparison.

za, a′ ≔ x, xa − xa′ , ya, a′ = 1 for∀a′ ∈ A\a (1)

za′, a ≔ x, xa′ − xa , ya′, a =  0for∀a′ ∈ A\a (2)

Given the generated positive and negative examples, we train a Random Forest (Breiman, 

2001) (RF) classifier fRF(a, a′) ∈ {0, 1} to predict whether it would be better to perform 

action a in comparison to a′ in the current state x. With this pairwise classifier, we can 

determine the action associated with the highest ranking via Equation 3. In Equation 3, 

we compare each action to another within the current state and determine a vector that 

represents the aggregate preference of each decision choice. We take the argument max of 

this vector to determine the demonstrator’s output decision.

y* = argmax
a

∑
a′ ∈ A

fRF a, a′ (3)

Results

We collected a preliminary dataset consisting of simulated trials completed by two expert 

perfusionists, yielding a total of 154 perfusionist decisions under the condition of a low 

patient’s DO2 level, which is a real-life critical situation that requires prompt action by 

the perfusionist. Performing 30-fold cross-validation across 30 random seeds, our machine 

learning approach was able to achieve an accuracy of 78.2% (95% confidence interval: 
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77.8% to 78.6%) in predicting perfusionists’ actions (Figure 1), having access to only 148 

simulations.

We note that achieving an accuracy of 78.2% requires encoding a variable (trial id) to 

capture which perfusionist (from a set of two) made each decision. As an ablation study, 

we compare the model performance with and without the trial ID across 30 random 

seeds. The model without the trial ID achieves an accuracy of 71.3% (95% confidence 

interval: 71.0% to 71.7%). Compared to the model with trial ID, we see an average 6.91% 

improvement. We further compare the two models’ performance across 30 random seeds 

via the Mann-Whitney U test since the normality assumption for independent t-test does not 

hold (Shapiro–Wilk test p < .05). The Mann-Whitney U test shows significant improvement 

when we have the trial ID as a feature, U = 0.0, p < .001.

We also compare the efficacy of the pairwise model with the pointwise model.(Valizadegan 

et al. 2009) Pointwise models output a probability of taking a certain action given an 

output-specific feature, xa, and the current state, x. Positive and negative pointwise examples 

can be generated through Equations 4 and 5, respectively.

za ≔ x, xa , ya = 1for∀a′ ∈ A\a (4)

za′ ≔ x, xa′ , ya′ =  0for∀a′ ∈ A\a (5)

Like the pairwise model, we learn a Random Forest classification model 

fRF
Pointwise(a) ∈ 0, 1  to predict whether we should perform action a in the current state. 

We can then determine the action associated with the highest score via Equation 6.

y* = argmax
a

fRF
Pointwise(a) (6)

The pointwise model obtains an accuracy of 67.7% (95% confidence interval: 66.9% to 

68.5%). The Mann-Whitney U test shows a significant improvement of 10.6% on accuracy 

with our pairwise model compared with the pointwise model (normality assumption does 

not hold for t-test: p < .05; Mann-Whitney U test U = 0.0, p < .001). For our pairwise model, 

we report an average sensitivity of .78 ± .20 and specificity of .92 ± .04 over five output 

actions (weighted by the number of times each output appeared within the dataset) averaged 

over 30 folds and 30 seeds. We provide a comparison across models in Figure 2, displaying 

the efficacy and high-performance of our model.

Discussion

In this study, we used machine learning techniques to infer expert perfusionists’ decision-

making during critical intraoperative situations using a relatively small simulated dataset. 

Despite these limitations, our machine learning model achieved substantial accuracy in 

predicting expert perfusionists’ actions.
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Increasing research in the field of surgical data science has been generated seeking to 

incorporate artificial intelligence (AI) and machine learning applications into surgical 

practice. (Nagy et al. 2017) Although most of these studies are focused on surgical workflow 

segmentation and image guidance navigation, recent studies are proposing to use AI and 

machine learning to augment human cognition and improve decision-making, situational 

awareness, and communication in the OR. (Dias et al. 2020; Zenati et al. 2020; Condello 

et al. 2021) for example, have recently reviewed the literature and provided a roadmap on 

management algorithms and AI systems for cardiopulmonary bypass.

In this present study, we modelled a simulated dataset with limited decision options based 

on expert perfusionists’ input, and future studies should incorporate substantially more 

decisions, as well as time-series data, both of which will improve the power of our models. 

The inter-operator disagreement presented in our curated dataset of simulated decisions 

provides support for the need to develop and validate a data-driven approach to inferring 

optimal standardised care.

The findings from our study are a first step towards validating useful clinical decision 

support tools to be embedded into the OR. These tools may help standardisation of clinical 

practices across different centres and even within the same centre across different levels 

of experience (juniors vs senior perfusionists). Additionally, the same approach can be 

used to develop and validate cognitive aids for other OR professionals, such as surgeons, 

anaesthesiologists, and nurses, as well as other healthcare settings (e.g. emergency room, 

critical care unit). An example of a possible application in the OR is a machine learning-

based recommendation system that evaluates the current situation in real-time and provides 

recommendations to perfusionists on certain courses of action. This system would use a 

human-in-the-loop approach in which the human (perfusionists) would be the final decision-

maker.

There are important limitations in this study that need to be addressed. First, the decisions 

were made on a computer which does replicate relevant factors that certainly impact 

decision-making, such as cognitive overload, environmental noise, miscommunication, 

and workflow disruptions. Second, only two perfusionists were included and a more 

representative sample size would probably generate more variability in actions. Finally, 

the randomness of the simulated input variables provided to perfusionists does not capture 

physiological patterns and interdependencies between these variables, which may not be 

realistic in naturalistic decision-making. The validity evidence provided in this study 

is limited, and future research should establish additional validity, especially related to 

decision-making in real-life cardiac procedures.
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Figure 1. 
Confusion matrix for our method predicting the action of perfusionists.
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Figure 2. 
Prediction accuracies (30-fold cross validation) across 30 random seeds for our model, a 

pairwise model without ID, a pointwise model, and random guessing.
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