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Executive Summary
Problem Statement and Significance
[bookmark: _Hlk64204917]Despite advances in healthcare, in-hospital cardiac arrest (IHCA) incidence continues to rise and has significantly increased over the past decade.1  In 2019, there were over 290,000 IHCA,1,2 many considered preventable.2,3-5 The average survival rate of an IHCA is less than 26%.1,2,6 Of those that survive to discharge, 15% will endure moderate to severe functional impairment.6  Research confirms that the early identification of this serious adverse event can save lives.4,7-11  Additionally, it is well documented that abnormalities in the vital signs precede an IHCA by at least four hours before the event.9,12-15  However, identifying those patients at risk of experiencing a cardiac arrest has proven challenging.
Artificial intelligence (AI), specifically machine learning, has demonstrated improved decision support in the early identification of clinical decline, including IHCA.4,16-18  However, little is understood about how this novel technology can predict cardiac arrest during a patient's hospital admission.  This project sought to examine machine learning models which use data routinely captured by the nursing staff and determine if the prediction of cardiac arrest four hours before the event is possible. This project aim was:
· Examine if a neural network model will improve the prediction of IHCA in adults admitted to a critical care unit. 
The hypothesis is a neural network model can predict cardiac arrest using routinely captured patient data more accurately than traditional methods.  


Methodology: Sample & Design
[bookmark: _Hlk52524412][bookmark: _Hlk52525586]	The Institutional Review Board (IRB) at Purdue University, West Lafayette, IN, reviewed and granted exempt status in March 2020.  This is a retrospective secondary analysis of an existing publicly available dataset known as the Medical Information Mart for Intensive Care (MIMIC) III (v1.4).19-21  The MIMIC III dataset comprises 53,423 distinct adult critical care admissions from Beth Israel Deaconess Medical Center from June 1, 2001, through October 31, 2012.19-21
[bookmark: _Hlk52526681][bookmark: _Hlk66525461][bookmark: _Hlk52526715][bookmark: _Hlk66973772][bookmark: _Hlk51861537]	For this cohort study, we analyzed the last four years of the MIMIC dataset consisting of adult patients 18 years and older admitted to one of the five critical care units.  Two neural network models were developed with the Purdue University Data Science Consulting Service's assistance, based on multilayer perceptron (MLP) and long-short term memory (LSTM) architecture.  Predictive performance was then compared to more traditional statistical analysis (logistic regression [LR]) and machine learning models (random forest [RF]), likewise developed by the data scientist at Purdue University.  The outcome was the binary classification of patients into an event (cardiac arrest) or no event (no cardiac arrest).  Cardiac arrest was defined as any patient with the International Classification of Diseases (ICD-9) code 427.5 within their diagnosis list.  Candidate predictors were determined based on the opinions of committee experts and a previously conducted literature review (Moffat LM & Xu D, unpublished data, January 2021), which found that patient demographics (age and gender) and vital signs (heart rate, systolic blood pressure, respiratory rate, and oxygen saturation) were ranked high in their importance to the prediction model.
The variables were grouped into baseline, consisting of patient demographics and the first set of vital signs, and continuous, consisting of all sequential updated vital signs upon entry into the EMR.  The vital signs were updated continuously throughout the patient's stay in the critical care unit, with a prediction made at each updated entry.  The data set was divided into training, validation, and test set at a ratio of 70:15:15 with unique patient identifiers for distinct critical care unit stays used for data partitioning.  The problem of imbalanced data sets was mitigated by random under-sampling of positive events (cardiac arrest, ICD-9 code: 427.5) to nonevent (no cardiac arrest) during the initial training set.  During the validation and test set, the data were maintained in their imbalanced ratio to reflect the real-world environment. In the case of missing data, values were imputed with the mean value.  The ML models were trained using the entire training dataset with batch size and epochs determined before the learning process.  A percent of the permuted training dataset was sequentially tested with losses measured.  An early stopping rule was applied to stop the training once optimization has been confirmed. This iterative data-driven process was then validated and improved upon and finally tested on remaining hold-out data to evaluate the model's performance.  
The MLP model used a binary classifier with three hidden layers, ReLu activation function, Dropout parameter p=0.1,22 and three batch normalization layers.23  The model hyperparameters were set to 50 epochs, batch size of 64, and a learning rate of 0.001. Next, both two-layer and four-layer MLP neural networks were trained, including dropout and batch normalization, as previously discussed.  The LSTM model utilized 128 hidden units followed by a fully connected layer.  We trained 3-layer and 5-layer models with a batch size of 64 and a learning rate of 0.01.  The RF model was initialized with a maximum depth of 5 and 100 trees.  A comparison between neural network models (MLP, LSTM) and non-neural network models (RF, LR) were reported. Models were evaluated based on precision performance: area under the receiver operating characteristic curve (AUROC), sensitivity, and specificity.  The models were trained with an open-source Python package using PyTorch 0.4.1.
[bookmark: _Hlk64215243]Results 
[bookmark: _Hlk66448238]One thousand five hundred and seventy-four patients from the MIMIC-III data set were analyzed in this research.  Thirteen patients were removed because they were between the
[bookmark: _Hlk66448258]ages of 15 to 17 years old. The resulting sample size was 1,561 patients; of these patients, there were 565 cardiac arrest cases. Table 1 notes the candidate feature mean/mode, standard deviation, and range for the sample.  Most of the predictors had no missing data; in the predictors with missing variables, it numbered less than 0.01%.   In this study, the majority of the patients were males with a mean age of 65.4 years old.  The candidate predictors central tendency and range, when applicable, is as follows: 
[bookmark: _Hlk66448328]Table 1. List of Candidate Predictors
	[bookmark: _Hlk67245130]
	Candidate Predictors
	Mean
	Std 
	Range

	
Vital 
signs
	Heart rate (beats/min)
Systolic BP (mmHg)
Respiratory rate (breaths/min)
Oxygenation-SpO2 (%)
	 84
118
 19
 97
	14.45
17.78
 3.86
 3.15
	44-137 
42-178
10-39 
47-100

	Patient demographics
	Age (years)
Gender -frequency (male %)
	 65.4
 56.4
	16.46
na
	18-89
na


Note: Std= standard deviation
Table 2 notes the difference between the patients who experienced an IHCA versus those who did not experience an IHCA.  A visualization of all predictors' averages shows there is little difference between the two groups.  However, the systolic blood pressure and oxygenation of those with IHCA show a wider range indicating more variation in this measurement.

Table 2. Candidate Predictors: in-hospital cardiac arrest vs. no in-hospital cardiac arrest
	[bookmark: _Hlk67245064]
	
	IHCA
	                   No IHCA

	
	Candidate Predictors
	Mean
	Std
	Range
	Mean
	Std
	Range

	
Vital 
signs
	Heart rate (beats/min)
Systolic BP (mmHg)
Respiratory rate (breaths/min)
Oxygenation-SpO2 (%)
	 85
111
 20
 97
	15.38
17.78
 3.77
 4.38
	44-137
43-167
12-34
47-100
	83
120
19
97
	13.87
17.4
3.84
2.17
	48-129
71-178
10-39
73-100

	Patient demographics
	Age (years)
Gender -frequency (male %)
	67
59.8
	16.29
na
	19-89
na
	64.5
54.5
	16.5
na
	18-89
na


Note: Std= standard deviation

[bookmark: _Hlk66448523][bookmark: _Hlk66448585]The prediction performance of the neural network models (MLP and LSTM) and non-neural network models (RF and LR) were compared in terms of the area under the receiver operating characteristic curve (AUROC), sensitivity, and specificity.  The false alarm (1- specificity), Youden's Index (sensitivity + specificity-1).  Table 3 shows the performance of the MLP, LSTM, RF, and LR for predicting IHCA.   The RF model was best predictor of IHCA (AUROC 0.669 [95% CI 0.641-0.697], sensitivity: 66.3%, specificity: 55.3%), followed by the LSTM model (AUROC 0.620 [95% CI 0.592-0.648], sensitivity: 31.3%, specificity: 92.6%), the LR model (AUROC 0.615 [95% CI 0.587-0.643], sensitivity: 58.9% specificity: 60.2%),and the MLP model (AUROC 0.590 [95% CI 0.562-0.618], sensitivity: 58.9%, specificity: 59.0%).
Table 3 In-hospital cardiac arrest prediction performance.
	[bookmark: _Hlk67323994]
	Classification
	Discrimination

	Model
	Sensitivity
	Specificity
	False Alarm
	Youden's Index
	AUROC
	95% CI

	MLP
	58.9%
	59.0%
	41.0%
	0.179
	0.590
	0.562-0.618

	LR
	58.9%
	60.2%
	39.8%
	0.191
	0.615
	0.587-0.643

	LSTM
	31.3%
	92.6%
	7.4%
	0.239
	0.620
	0.592-0.648

	RF
	63.3%
	55.3%
	44.7%
	0.186
	0.669
	0.641-0.697



Note: AUROC = area under the receiver operating characteristic curve; CI = Confidence Interval; LR = logistic regression; LSTM = long short term memory; MLP = multilayer perceptron; RF = random forest



Discussion
[bookmark: _Hlk66968276][bookmark: _Hlk66448847][bookmark: _Hlk66967735]This paper described a machine learning approach to predict cardiac arrest in hospitalized critical care adults within a vast publicly available dataset. Our study attempted to predict IHCA using only six predictors within two neural network architectures and compared them to a random forest model and logistic regression.  The study found the RF model, a supervised machine learning algorithm, and the LSTM, a neural network machine learning algorithm, to demonstrate only a slight improvement in the prediction of IHCA when compared to the MLP neural network model and LR.  However, none of the models reached an acceptable level of performance.  Based on these findings, it is difficult to justify the implementation of such a complex model at this point.  Though the results failed to support our initial hypothesis, our investigation follows previous research trends.26-28  Our team believes the machine learning models will ultimately perform better once improvements have been made; however, we acknowledge there is a ways to go before this technology can be applied to the inpatient population to predict IHCA.  The source code has been made available to any researcher wishing to duplicate or expand our research through GitHub and can be accessed via this link: https://github.com/Lauramoffat/DNP-project.  
There are multiple strengths to an approach utilizing machine learning.  First, machine learning has the flexibility to process non-linear data, which is a limitation of the traditional regression models.32,33  Most hemodynamic predictors indicate increased risk of IHCA when both above and below the expected range (e.g., tachycardia and bradycardia increase the risk of IHCA, as does hypotension and hypertension).  Second, machine learning models can account for interactions across the participants' subgroups or heterogeneity of effects (e.g., interaction effects between age or gender and IHCA).32.33 Traditional regression models may not adequately gauge these interactions.  Third, our study purposely utilized a small number of candidate predictors to maintain the recommended events-per-candidate predictor supported by Moon et al.,34, thereby reducing overfitting risk.
[bookmark: _Hlk66969531]Our research encountered multiple challenges during data extraction, data preprocessing, model development, and data analysis, which, when alleviated, there is potential for improved outcomes.  Using a "lessons learned" approach, we sought to capture opportunities for project improvement.  All members were surveyed seeking to identify the project's successes and failures, understand the impact, and develop recommendations for future efforts.  Additionally, we hoped this information would be beneficial to others attempting to conduct a similar project.  All involved were asked the following questions: What went well? What could have been done better? What can we do to improve this in the future? The members were encouraged to be transparent and candid in their responses. They were reminded to consider aspects of the collaborative process, the team's expertise, communication, and aspects of the data beneficial to the study and identify challenges and barriers. 
[bookmark: _Hlk67324925][bookmark: _Hlk66969560][bookmark: _Hlk67324974][bookmark: _Hlk67325085][bookmark: _Hlk66969634]The team identified the project's successes to include: the variety of platforms to store and house the work (GitHub, Google doc, Slack), the MIMIC-III dictionaries and websites, the pre-analysis work (background assisted with the final design), the expertise of team (nursing and data scientists), with all agreeing that being able to extract the data was a win for the team. Furthermore, this study had the advantage of creating a predictive model with no cost associated with data acquisition, model development, or data analysis.   Challenges noted included the dataset's size and complexity, with all team members noting the data being "difficult to work with" and "not user-friendly." The MIMC-III dataset is considered a structured "Big Data" set.  To analyze just the six predictors, which spanned four billion rows of data, required 12 terabytes of space.  Other frustration points included the difficulty with accurately identifying IHCA events by using the ICD-9 code 427.5.  This method appears to have captured historical events, out-of-hospital cardiac arrest, and multiple events for the same patient, as all would be coded in the same manner, which would explain the unexpectedly large amount of IHCA within our study.   Additionally, the inability to determine a timestamp for IHCA and a four-hour prediction seemed to dismay the group and led to disengagement.  Furthermore, the data set was older, 2008-2012; the results may change if patient data were modeled using contemporary data.  The survey also revealed that communication and time management could have been improved.  
To further understand the barriers encountered with this DNP project, the Healthcare Performance Improvement (HPI) Taxonomy of Failure Modes41 was utilized.  This tool allows for the identification of deviations from expected performance with a comparison with actual performance.41  From the survey, the following themes emerged related to the Individual team members: Competency (uninformed skills and inadequate knowledge), Communication (incorrect assumption and misinterpretation), Critical Thinking (tunnel vision and situational awareness).   Themes related to the System/University included: Structure (resource allocation and inadequate structure), Culture (non-collaboration and high-reliability communication).  See Table 4.  Recommendations include improving candidate predictor extraction, obtaining funding to align incentives, increasing and enhancing communication, and scheduling more frequent meetings with clear expectations on deliverables.  Finally, it is recommended to use data collected for the purpose of the research versus a publicly available dataset.
Table 4. Taxonomy of Failure Modes
[bookmark: _Hlk66610254][image: ]
Health Performance Improvement.  SEC & SSER Patient Safety Measurement System for Healthcare.  Virginia Beach, VA: Healthcare Performance Improvement; May 2011. https://www.pressganey.com/docs/default-source/default-document-library/hpi-white-paper---sec-amp-sser-measurement-system-rev-2-may-2011.pdf?sfvrsn=0 Accessed March 13, 2021.


There has been growing enthusiasm related to applying machine learning models to cardiac arrest prediction in recent years.4,16,24-31 We are optimistic that this technology can enhance decision support to the bedside nurse once we overcome the previously described challenges.  More importantly, this study contributes to the limited body of knowledge regarding nursing's role in the research and development of machine learning models to predict adverse events in hospitalized adult patients.  To our knowledge, this is the first nurse lead study attempting to implement a machine learning model for the prediction of IHCA.  This research fills a gap in the unique contribution nurses can provide in applying nursing knowledge to machine learning.  Our hope is this work will benefit and guide future endeavors to integrate advanced predictive analytics using machine learning directly into the nurses' practice and clinical decision-making. Impactful next steps include using a more manageable real-time data set to mitigate the identified challenges and plan for possible individual and system failures.  Future research should replicate this work within a medical-surgical population to ensure the model's generalizability.  Finally, it is recommended that all future research includes a team of nurses and clinical specialists along with data science experts.  Researchers have noted the importance of bridging healthcare disciplines and data science disciplines to benefit from each field's development, allowing rapid research translation.32  
Implications 
Systems
Healthcare is one of the most complex organizations globally, where providers and nurses make critical decisions based on rapid incoming data.  Historically, nursing has been responsible for such high-risk decisions with often inaccurate, incomplete, and untimely information.35  Nurses are the foundation of the health care organization; nurses spend the most time with the patients and are typically the first to note a clinical decline in their patients.  Health care systems need to provide modernized surveillance systems for those at the bedside, including incorporating artificial intelligence and machine learning into clinical practice.  Patient outcomes depend on a health care system's ability to quickly and accurately interpret and act on incoming patient information.36 
The technology is now available to change the digital trajectory of healthcare and nursing.  Work must continue to bring this technology to the bedside.  The healthcare system needs to plan for and prepare for the operationalization of this work.  Experts recommend a focused effort, including planning for data entering, model evaluation and update, model validation, and integration into the electronic health record.32,37,38  Additionally, Sheikhtaheri and colleagues37 note the importance of including the end-user, e.g., the bedside nursing staff, in the planning and implementation of incorporating machine learning models into the practice setting.37
Machine learning allows the healthcare team to harness the electronic health record and bridge the digital divide while providing an extra layer of surveillance.  This technology enables a proactive approach for the patients who stands to benefit the most.  Machine learning can transform the health care team's data to determine objective clinical decisions to decrease mortality and morbidity and alleviate the healthcare system's burden.  A pragmatic approach that improves the management of health care resources, reduces variation in care and allows effective collaboration between the health care team will ultimately benefit both the patient and the health care system. 
Policy
When implementing machine learning technology into a healthcare organization, understanding and utilizing best practice guidelines is essential.38  More data sources are becoming available for analysis, from the electronic health record to wearable technology.38,39 Aggregating and interpreting this data for the patient's benefit will necessitate adopting standards and policies to safeguard the privacy and ensure ethical distribution of this technology.39  Vollmer et al.38 contend current machine learning products have not received the same level of scrutiny or undergone stringent development guidelines as other medical interventions, with ethical and policy guidelines also lagging.40  As health care organizations incorporate machine learning technology, ethical questions will emerge which must be addressed.  Bates and colleagues39 acknowledge privacy issues may arise regarding healthcare data collection, noting that people may be opposed to their healthcare information linked to aggregate data to improve others' care.  Rigby40 sought to address balancing the benefits and risks of artificial intelligence (AI) and machine learning in a recently published editorial.  Recommendations included the need for stakeholders to be flexible and transparent when incorporating AI and have technical expertise in interpreting AI results to recognize possible ethical dilemmas.40
Furthermore, there is the potential for this technology only to benefit those patients whose information trained the algorithm.41,42  Bostrom and Yudkowsky42 warn if machine learning is trained on a dataset collected with potential biases, the bias will be reproduced in the algorithm leading to "digitizing cultural prejudices," which only serves to further inequities.  As this technology advances, it is incumbent for the healthcare team to consider all ethical concerns, ensure adequate testing for fairness and biases, and confirm that the data represents the target population.38   Additionally, as artificial intelligence and machine learning become more commonplace within healthcare, it is incumbent upon nursing to ensure this technology's equitable distribution to reduce health disparities.   The ANA Code of Ethics43 notes, "Advances in technology...require robust responses from nurses working together with other health professionals for creative solutions and innovative approaches that are ethical, respectful of human rights, and equitable in reducing health disparities." Future policies must safeguard the patient and ensure a fair and just distribution of the benefit. 
Economics 
Cardiac arrest is a substantial burden for the U.S. health system.  The Centers for Disease Control and Prevention (CDC)44 has estimated 1.3 to 2 million years of life lost for women and men, respectively, contending cardiac arrest is a public health issue with greater years of life lost than most leading causes of death.  Damluji et al.45 estimated the financial cost of post-cardiac arrest care within the United States at 33 billion USD per year, with 6 billion USD attributed to the index hospitalization.  Researchers found the cost of initial hospitalization increased yearly, even after adjusting for inflation and length of stay, partially due to the aging population,32 rising labor costs,32 and post-cardiac care advances.32,45 This complex post-cardiac care includes hemodynamic support, targeted temperature management, intubation and ventilator support, coronary angiography, percutaneous coronary intervention, extracorporeal membrane oxygenation, and pacemaker/automatic implantable cardioverter-defibrillator placement.45-47 Additionally, survivors of IHCA face increased healthcare utilization, including frequent readmissions and high follow-up care costs.  Damluji and colleagues45 contend post-cardiac care places a significant burden on the United States and advocated for future efforts towards cardiac arrest prediction, which may offer "greater societal benefit." As Churpek and colleagues12 note, even minor improvements in IHCA prediction accuracy can have a significant benefit.
At a local level-three midwestern community hospital, the incidence rate of IHCA was 13.4 per 1,000 admissions in 2017 (J. McVay, oral communication, June 2018), well above the national incidence rate of 9-10 per 1,000 admissions.48   According to the Chair of the Code Blue Committee at this facility, the estimated cost of one code blue per hour was calculated at 1,130 USD (J. McVay, oral communication, June 2018).  This includes the cost of physicians, nursing, pharmacy, respiratory, radiology, and additional ancillary staff who have responded to the code blue (J. McVay, oral communications, June 2018), with the average length of a code blue estimated at 25 minutes per event.49  The index post-cardiac care cost in the United States has been calculated between 20,69045 to 37,000 USD  per patient.50  Based on these figures, reducing IHCA by 10% at this facility, the health care organization would realize a cost avoidance of 168,856 - 299,336 USD annually.  
Shahid, Rappon, and Berta32 note that AI can support increasingly complex clinical decisions in real-time and has the potential to be the solution to cost containment measures in healthcare.  The global market for predictive analytics in healthcare was estimated at 1.48 billion USD for 2015, with compounded annual growth rates projected at nearly 30% rate within the next five years.32 Machine learning, a subfield of AI, is anticipated to reach 5.4 billion USD within the next two years,32 and by 2025, AI healthcare spending is anticipated to top 36 billion USD annually.51 Experts maintain healthcare organizations can take advantage of predictive analytics to gain substantial financial benefits by implementing machine learning to predict and prevent these high-risk high-cost patients.32,39  Moreover, by targeting precise treatments, healthcare can realize decreased mortality, reduced hospital admissions, and ultimately create a health care team that is efficient, thereby creating cost savings.32,52  Deo and Nallamouthu53 maintain one of the advantages of this technology is the ability to assist clinical decision making at a significantly reduced cost.  Another valuable aspect of this research was the minimum cost to implement.  As more low-cost or open-source cloud-based applications emerge, the associated cost will continue to decline.52  
Although machine learning may provide financial benefits, it is necessary to consider the cost associates with implementation.38  The cost-effectiveness of machine learning models to predict IHCA needs to be objectively compared to current practices to understand the economic impact and help guide decisions.38 Finally, programming a neural network requires the skills and knowledge of a programmer familiar with healthcare.  We must keep in mind that the implementation, maintenance, and support necessary for this technology can potentially provide financial challenges when scaling this technology to a large medical setting.
Practice 
	Despite the benefits of machine learning, some barriers must be overcome to translate this work to the bedside.  The first challenge is this technology has issues with transparency, specifically, how the knowledge was generated.  These "black box" classifiers fail to provide insight into the underlying rationale of their prediction.32,53   As Shahid and colleagues32 note, this can lead health care providers to question or be unwilling to accept the model's recommendation.  Accurate models with fewer candidate predictors alleviate some of this speculation; however, the relationship between the predictors is not always apparent.  Newer fully interpretable models are additionally being developed, leading to more transparent calculations without sacrificing accuracy54
The second challenge moving forward will be to operationalize and incorporate the prediction of IHCA into practice.  The key to success will center on making this novel technology readily available to the bedside staff, with minimum alterations to their current workflow.39  Likewise, it will be vital for implementation that this technology can run in the background of current systems,39,51 with signal-to-noise or false alarms kept to a minimum.39  Successful incorporation of IHCA prediction can occur if the clinician understands how this technology will benefit the patient with an intuitive and user-friendly system.  As noted above, 
the interpretation of machine learning models can be difficult; one strategy to overcome this issue is developing an interactive model with visual displays that assist the clinician with accurate alerts, interpretation, and next steps.54,55 
According to leading experts, ML will transform the future of healthcare and nursing, opening a new frontier for how we care for patients.32,56 Nurses play a vital role in improving patient outcomes through advancements in medical technology such as predicting IHCA.  Machine learning has the potential to assist the nurse in predicting the trajectory of a patient's condition, allowing for targeted interventions and improved outcomes.  While there is an indication through this work that machine learning models should be available to all clinicians, there are notable gaps in this technology's readiness at the bedside.  Continued research is needed to improve the accuracy and decrease false alarm rates to make this technology clinically valuable for the practice setting.  Finally, the nursing profession must engage in such technologic developments and contributes to patient outcomes by advancing nursing science.  Bedside nurses can advance the knowledge base through data collection, analysis, and integration into practice.  Nurses are poised to be a leader in machine learning's evolving technology and its application to improved patient outcomes.
[bookmark: _Hlk48067501]Conclusion
The machine learning models presented in this study demonstrate an alternative to the prediction of IHCA.  Bearing in mind the results of this research, we encourage further investigation of clinical implementation and improved prediction.  Future research must be conducted to determine the cost-effectiveness of utilizing machine learning to predict cardiac arrest within a hospital setting and address ethical issues.  A pragmatic machine learning model that can predict IHCA has the potential to reduce mortality and morbidity while targeting scarce resources to the most vulnerable patients.  Our study results may inform and stimulate future research to translate this work to the bedside clinical staff. Nurses play a vital role in improving patient outcomes through advancements in medical technology and, when used following the guiding ethical principles, may change the future of healthcare. 
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