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Abstract: Especially in the last two decades, due to the developments in durable mechanical circulatory support
(MCS) technology and applications, left ventricular assist (LVAD) implantation has become used in more
fragile end-stage heart failure patients with higher risk. Despite advances in technology and patient care
processes, right heart failure remains the leading cause of morbidity and mortality after durable LVAD
implantation. It is difficult to make decisions about the type and duration of MCS during preoperative
evaluation, and many clinical, hemodynamic, biochemical and echocardiographic criteria must be taken into
account when evaluating the right ventricle. Complex quantitative scoring systems, including measurements
of different risk factors for postimplant right ventricular failure, and composite variables, including the
anatomical and functional status of the right ventricle, have been used to decide between left or biventricular
assist device implantation. The successful use of artificial intelligence (AI) and machine learning (ML) in
various applications in the medical field has paved the way for the idea of using it to better predict possible
conditions such as right heart failure after LVAD implantation. This review aims to evaluate the current
situation of risk prediction models using AI and ML technology, which have become popular in recent years,
and possible future developments in predicting right heart failure after the application of durable MCS systems.

Keywords: Left Ventricular Assist Device; Right Heart Failure; Right Ventricle Failure; Artificial
Intelligence; Machine Learning

1. Introduction

Despite all major pharmacological and clinical improvements for cardiovascular disease
management, heart failure still remains a global public health concern, with dramatic increases
annually. It is known that 64 million individuals in U.S.A. are affected from this heart disease and the
hospitalization rate has tripled in the last 30 years [1]. Although heart transplantation remains the
best therapeutic option for select patients, the number of available and eligible donors are severely
lacking. Since ventricular assist device implantation for advanced end stage heart failure patients first
begun, treatment strategies for heart failure changed dramatically. Currently, left ventricular assist
device (LVAD) implantation is the most accepted alternative treatment option of heart
transplantation for refractory advanced heart failure patients, where the aim can be as bridge to
transplantation or as destination therapy. LVADs provide both safer implantation and better quality
of life than biventricular assist devices (BVADs). As a result of the advancements in LVAD
technology and experience 1-year survival after implantation has now increased to over 80% [2-6].
In spite of significant improvements in life expectancy, quality of life, decrease in hospital stay and
reduced re-hospitalization rates after LVAD implantation, there are still well known and serious side
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effects that medical researchers are still working on in order to discover viable solutions that can yield
better outcomes. One of the most challenging and prevalent side effects of LVAD implantations
which is the topic of our review, is right heart failure (RHF) that may develop afterwards and may
cause significant early and/or long-term detrimental effects.

RHF occurs between 10-40% in all cases after LVAD implantation [7-19]. Late RHF may occur
in up to 10-20% of LVAD patients [20-25]. The main reasons for this wide prevalence range reported
in different studies are differences in the diagnostic criteria of RHF, patient demographic
characteristics, and institutional management strategies [26,27]. Even though well accepted signs and
symptoms of RHF are known by all clinicians; there remains no universally classification and
definition algorithms. Some studies based on clinical statue like high central venous pressure (CVP),
requirement of inotropic support, increase in pulmonary arterial pressure, nitric oxide (NO)
inhalation or requirement of mechanically support for right ventricle [28-33]. The time course of the
RHEF onset is another type of definition used in few studies They revealed as “acute”; During the first
24 hours of LVAD implantation, “early”; between first 48 hours -14 days and “late”; after the first 14
days [34].

Over time, some changes have been made to eliminate ambiguity and inconsistency in the
definition of RHF [35-38]. Recently, the Mechanical Circulatory Support Academic Research
Consortium has proposed a broader, more comprehensive definition of RHF after LVAD [39].

Due to the high morbidity and mortality of RHF after LVAD implantation, effective treatment
methods are quite comprehensive and depend on centers experience and opportunities. Initial
therapy after post-LVAD RHF starts with pharmaceutical treatment. (inotropic support, NO
inhalation, forced diuresis). If RHF still remain after efficient medical treatment; mechanically
device support is coming into consideration even with high mortality. The incidence of requiring
an RVAD following LVAD implantation is approximately 10-20% [40-46].

Therefore, it is critical to decide whether the patient needs BVAD before or during surgery at
the latest. However, despite the preparations and precautions taken by evaluating many clinical,
hemodynamic, biochemical and echocardiographic criteria, it is not always possible to make the right
choice between LVAD and BVAD. In order to make the right decision, it is important to thoroughly
evaluate the right ventricular anatomy and functions before surgery.

Over the years, many risk prediction models have been proposed to accurately determine the
risk of developing right ventricular failure, which predisposes to multiple organ failure, hemorrhagic
and thrombotic complications after mechanical support system applications.

As a result of the increase in MCS experience and the number of cases, multifaceted analyzes of
post-LVAD outcomes and complications have become a necessity. The fact that most studies are
conducted in a single center and on relatively small patient groups reduces the reliability of the
analyses of pre- and postoperative results. Variable characteristics of VADs and patient
demographics also make meaningful interpretation difficult. Additionally, due to the complex and
heterogeneous pathophysiology of RHF, it is not easy to classify or generate a risk score for post-
LVAD RHF. However, risk scores created with the use of multivariate analyzes have provided
significant benefits in determining the development of RHF. Thus, it would not be wrong to say that
one of the most useful things to do to prevent RHF after LVAD is to use a validated risk scoring
system.

On the other hand, with the increasing use of Al and ML applications in the medical field in
recent years, the doors of a new development have been opened in this regard. The number of studies
conducted on this subject is increasing year by year.

First proposed by Alan Turing in 1950, Al is the concept of creating a digital mind that can learn,
and “think” like a human mind can. ML is a process that is encompassed by Al, where a software
model is can learn to acquire new data and interpret it in a meaningful way towards the task at hand,
therefore providing useful feedback and surpass classical algorithm-based computer programming.
It is viable that an Al could fulfill any and all given assignments as long as the ML model is
sophisticated enough [47-49].
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There are two main approaches to ML with many more subtypes and variations below them.
“Supervised ML” involves identifying and labeling data with known class information and training
the ML model with this knowledge available. Therefore, ML model can then determine common
properties within each class and thus “learn” to identify that class on its own. Supervised ML,
however, requires manual data set preparation for labelling and needs expert knowledge about the
task [50,51].

The second approach of “unsupervised ML” is done by making all the data available to the
software model, withholding the information about classes and letting the ML model decide which
cases belong together according to their data similarities. Unsupervised ML can be very beneficial for
obtaining new information about complex systems with many variables as clustering decisions and
feature associations will be made by the model on its own, sometimes yielding previously unexpected
results. The large size of data that is needed for unsupervised ML model is usually more difficult to
prepare and sometimes limits the process [50,51]. A flowchart visually explaining ML process is
shown in Figure 1.
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ML Algorithm
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Decision Tree
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Network
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Abbreviations: ML: Machine learning.
Figure 1. A flowchart visually explaining machine learning process.

There are many industrial and commercial uses for Al that is already proving itself as a powerful
tool when used correctly. Although healthcare is understandably a field that should be more careful
when adopting new ideas, it seems inevitable that Al will play a huge role as an assistive tool in
patient care as well. Regarding our subject matter, it can be easily imagined that AI will be able to
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help in a multitude of ways, such as discovering RHF mechanism hidden parameter relationships,
early prediction of risk groups pre-implantation, identification of clinical parameters critical for early
RHF detection post implantation and determining treatment plans for RHF patients post
implantation in order to change prognosis. Achieving all of these tasks, through conventional means,
seems to be a difficult undertaking when the sheer volume of data analysis that would be necessary
is considered. Therefore, utilizing Al for this job appears to be a natural fit [52-55].

Purpose of this study is to review and highlight recent advances in uses of Al for evaluating
RHF after LVAD implantation, as these types of research will lead to a better understanding of a
common issue with LVAD implantations, which is of critical importance.

2. Method

Available literature has been scanned by using following phrases; “artificial intelligence and left
ventricular assist device”, “machine learning and left ventricular assist device”, “right heart failure
and machine learning”, “prediction of right heart failure after LVAD”, “deep learning and LVAD".
Pubmed, Web of Science, Google Scholar databases were used in order to search for published articles.
For achieving a better understanding of the role of Al and ML techniques, we also reviewed studies
relating to previous risk scoring systems and summarized them all with their pros and cons. All
published articles were analyzed by authors of this review. We found 9 studies using conventional
risk score systems and 9 studies using Al systems (Table 1) for prediction of RHF after LVAD

implantation.

Table 1. Method and performance summary of reviewed publications.

Authors (et.
Year Title Data Source Findings
al.)
Systolic PAP, pre-
albumin, LDH and RV EF
A Bayesian Model most predictive
Loghmanpour to Predict RVF INTERMA preoperative variables.
2016
[64] following LVAD CS data AUC for acute, early, late
Therapy RHEF prediction between
0.83-0.90 sensitivity of
90%
Preoperativ
Prediction of RVF
e clinical
after left LVAD
and Prediction accuracy 95%,
Samura [65] 2018 | implantation using
hemodyna AUC 0.85
ML of preoperative
mic
hemodynamics
parameters
Usefulness of Biomarkers, Significant Predictors:
regional RV and Echocardio | Michigan risk score, CVP,
Bellavia [66] 2020
right atrial strain graphy, systolic strain of RV free
for prediction of cath-lab wall.
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early and late RVF | measureme ROC AUC 0.95
following a LVAD nts
implant: A ML
approach
Preoperativ
Predicting post-
e ML AUC 0.729,
operative RVF
Shad [67] 2021 Echocardio CRITT AUC 0.616, Penn
using video-based
graphy AUC 0.605
deep learning
video
48.8% and 36.9% in 90-
Using ML to day and 1-year mortality
improve risk INTERMA | prediction improvement
Kilic [68] 2021
prediction in CS data with ML compared to
durable LVAD usual logistic regression
data analysis
Bleeding, infection and
ML Approaches to RHF most common
Analyzing Adverse postoperative adverse
ENDURAN
Kilic [69] 2021 Events Following events. RHF has strong
CE trials
Durable LVAD transitive relationship
Implantation with bleeding and
infection
ML Algorithms
4 post LVAD RHF
Identify Distinct
IMACS phenotypes identified
Nayak [70] 2022 | Phenotypes of RHF
data Clinical outcomes
After LVAD
evaluated
Implant
5 best predictors
Explainable ML
identified
Analysis of RHF INTERMA
Bahl [71] 2023 Non-linear relationships
After LVAD CS data
identified
Implantation
Al-based analysis
Preoperativ Adipose tissue as
Just [72] 2023 of body
e CT Scan indicator for

composition



https://doi.org/10.20944/preprints202401.0220.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 January 2024 do0i:10.20944/preprints202401.0220.v1

predicts outcome in postoperative major
patients receiving complications.

long-term MCS

Abbreviations: RVF: Right ventricular failure; LVAD: Left ventricular assist device; INTERMACS: The
Interagency Registry for Mechanically Assisted Circulatory Support; PAP: Pulmonary artery pressure;
LDH: Lactate dehydrogenase; RV EF: Right ventricular ejection fraction; AUC: Area under the ROC Curve;
RHE: Right heart failure; ML: Machine learning; CVP: Central venous pressure; ROC: Receiver operating
characteristic; IMACS; International Registry for Mechanically Assisted Circulatory Support; MCS;
Mechanical circulatory support; CT: Computed tomography.

2.1. Conventionally risk prediction scores

In 2008, Matthews et al. used multivariate logistic regression in patients whom underwent
mostly pulsatile LVAD implantation [56]. They defined right ventricular failure (rate 35%) as; the
need for post-operative IV inotrope support for >14 days, inhaled nitric oxide for >48 hours, right-
sided circulatory support or hospital discharge on an inotrope. The multivariate technique used in
this study allowed the simultaneous evaluation of many risk factors that may suggest different results
when evaluated separately. An elevated ALT, vasopressor requirement, high bilirubin and creatinine
levels were predictors of RHF in multivariate analyses. Additionally, the Michigan right ventricular
failure risk scoring (vasopressor requirement 4 points; AST >80 IU/1 2 points; bilirubin >2.0 mg/dl -
2.5 points, creatinine 2.3 mg/dl 3 points; renal replacement therapy 3 points) was formulated to
better stratify RV failure risk in LVAD candidates. The Michigan right ventricular failure risk score
(RVERS) is the first model for pre-operative risk stratification of RV failure in LVAD candidates.
RVFRS was <3.0 in 88% of patients who did not develop right ventricular failure (specificity = 88%).
Right ventricular failure was developed in 80% of patients with RVFRS 25.5 (positive predictive value
=80%).

In the same year Fitzpatrick et al., reviewed patients whom underwent mainly pulsatile LVAD
implantation [57]. According to the findings on echocardiography performed during preoperative
examination, right ventricular dysfunction (rate 37%) is divided into three classes: mild, moderate
and severe. This study identified that preoperative low cardiac index (CI) (< 2.2l/min/m2) and right
ventricle stroke work index (RVSWI) (< 0.25mmHg/l/m?2), severe pre-VAD RV dysfunction, high
creatinine level (21.9mg/dl), previous cardiac surgery, and hypotension (<96mmHg) independently
associated with the need for biventricular support. For each of these variables, if a patient met the
“high risk” criteria, he or she was given a score of 1 for that variable. By calculating these risk factors
together, Penn RVAD risk score was created: 18. (CI)+ 18. (RVSWI) + 17. (creatinine)+16. (previous
cardiac surgery) +16. (RV dysfunction) +13. (systolic blood pressure). After analysis of this risk
scoring, it was revealed that successful LVAD support was predicted in patients with a score below
50, while the probability of BiVAD placement was high in patients with a score of 50 and above (83%
and 80% sensitivity and specificity, respectively).

In one of the previous study, which used multivariate logistic regression analysis, have pointed
3 preoperative factors that seemed were significantly associated with RVF after LVAD implantation:
(1) need of intra-aortic balloon counterpulsation before the operation, (2) increased in pulmonary
vascular resistance, and (3) the device implantation as a destination therapy [58]. The authors defined
RVF (rate 44%) as the need for inhaled NO for >48 hours, the need for IV inotropes for >14 days,
and/or RVAD implantation. The risk score (Utah RV Risk Score) was calculated as the sum of the
points assigned for the existence some perioperative variables. Intra-aortic balloon counterpulsation
(IABP), 4 points; pulmonary vascular resistance (PVR), quartile 1 (<1.7 Wood units), 1 point; quartile
2 (1.8 -2.7 Wood units), 2 points; quartile 3 (2.8 — 4.2 Wood units), 3 points; and quartile 4 (=4.3 Wood
units), 4 points; inotrope dependency, 2.5 points; DT patients were given 3.5 points; beta-blocker, 2
points. angiotensin-converting enzyme inhibitor and/or angiotensin II receptor blocker, -2.5 points;
and obesity, 2 points. The developed RVF risk score effectively predicted the risk of RV failure. They
also showed that the presence of perioperative RVF was strongly associated with postoperative
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mortality in patients undergoing LVAD implantation. Additionally, their results revealed a
significant reduction in survival at days 30, 180, and 365 after LVAD implantation using the risk score
model. The subgroup with a risk score of 12.5 had significantly lower 1-year survival compared to
the subgroups with a lower risk score.

Kormos et al. evaluated the incidence, risk factors, and effect on outcomes of right ventricular
failure in patients implanted with continuous-flow LVAD (HeartMate II) [59]. RVF (rate 20%) is
defined as RVAD that lasts >14 days after implantation, requires IV inotropes, and/or requires
initiation of inotropic support more than 14 days after implantation. Multivariate analysis showed
that central venous pressure/pulmonary capillary wedge pressure ratio (CVP/PCWP) greater than
0.63, need for preoperative ventilator support, and BUN level greater than 39 mg/dL were
independent predictors of right ventricular failure after HeartMate II implantation. Authors also
concluded that, rates of RVF and RVAD need in patients with the HeartMate II are low relative to
previous results with pulsatile LVADs and support the use of new generation continuous flow device
in end-stage heart failure.

In another study, Atluri et al. defined severe right ventricular dysfunction based on
echocardiographic parameters, taking into account right ventricular contractility, tricuspid
regurgitation, and tricuspid annular motion [60]. In multivariate logistic regression analysis, CVP>15
mmHg, severe RV dysfunction, preoperative intubation, severe Tricuspid regurgitation and
Tachycardia were determined to be major criteria predicting the need for biventricular support.
Based on this analysis, they established the CRITT score as a predictor of RVF. In the “CRITT” score,
each of the five variables is given a score of 0 or 1. Ninety-three percent of patients with a score of 1
or lower underwent successful isolated LVAD therapy. However, 80% of patients with a score of 4
or above required biventricular assistance. They concluded that patients with a score of 2 or 3 were
in the gray zone and could undergo isolated LVAD under appropriate pharmacological or temporary
RVAD support. The ability to quickly calculate the CRITT score at the bedside without the need for
complex calculations is an advantage that increases its applicability.

Many of the first proposed RV risk scoring systems did not use detailed imaging parameters to
aid risk stratification. Raina et al. combined echocardiographic variables such as right ventricular
fractional area change (RV FAC), left atrial (LA) volume index, and estimated right atrial (RA)
pressure into an echocardiographic scoring system to estimate RVF [10]. Three points were assigned
for LA volume index <38 mL/m?, 2 points for RV FAC <31%, and 2 points for estimated RA pressure >8
mm Hg. Thus, a score scale that can range from 0 to 7 points emerged. Prolonged RVF after LVAD
implantation (rate 29%) was defined as the need for inotropes for more than 14 days after LVAD
implantation or the need for temporary RVAD placement. Initial BiVAD criteria (rate 23%) were
stated as severe RV dysfunction on transthoracic echocardiography, severe pulmonary hypertension
with PVR >5 WU or RAP >15 mmHg, and persistence of ventricular arrhythmias causing
hemodynamic instability. When RVF and non-RVF groups were compared, the echocardiographic
score was significantly higher in the RVF group. They concluded that, combining echocardiographic
variables into a simple easily interpreted echocardiographic scoring system significantly improved
prediction of RVF versus any one echocardiographic variable alone, and, importantly, the
echocardiographic score remained predictive after inclusion of clinical variables in multivariate
models, despite the small sample size in their study.

After a while, a study from Germany proposed the ARVADE score, which consists of
echocardiographic parameters ([61]. In this study, RVF (rate 57%) was defined as the need for
placement of a temporary RVAD or the use of inotropic agents for at least 14 days. Multivariable
analysis identified INTERMACS level 1, the Em/SLAT ratio >18.5 (Em: pulsed Doppler transmitral E
wave; SLAT: tissue Doppler lateral systolic velocity), and the basal RVEDD 250 mm (right ventricular
end-diastolic diameter) as independent predictors. An ARVADE score was calculated as the sum of
points attributed according to the values of three variables: 3.0 points for Em/SLAT = 18.5, 2.0 points
for basal RVEDD250mm and 1.5 points for INTERMACS level 1. An ARVADE score >3.0 was
predictive of post-implantation RVF, with a sensitivity of 89% and a specificity of 74%. Authors
concluded that, the ARVADE score, calculated as the sum of scores for one clinical and three
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echocardiographic measures reflecting LV global systolic and diastolic dysfunction and RV
congestion, may estimate suitability for LVAD implantation.

In 2018, Loforte et al. introduced a simple and easily memorized risk stratification tool (ALMA
score) to determine whether isolated LVAD (continuous flow device) implantation could be tolerated
in 258 patients from two centers [62]. Patients in the BiVAD cohort included those who had sudden
RVF after isolated LVAD implantation and required early application of a temporary or long-term
RV assist device (RVAD). Severe RVF defined as receiving short- or long-term right-sided circulatory
support despite maximal dosage of continuous inotropic support and NO ventilation. A five-point
risk score was developed based on the clinical variables identified in the multivariate logistic
regression analysis. Then, 1 or 0 point was assigned for each of the variables in the institutionally
defined “ALMA” score: Destination therapy (DT) intention, pulmonary artery pulsatility index (PAPi)
<2, right ventricular stroke work index (RVSWi) <300 mm Hg/ml/m2, RV/ LV ratio >0.75, and Model
for End-Stage Liver Disease Excluding International Normalized Ratio (MELD-XI) score >17. The
predicted rate of RVF was increased from 9% for a score of less than 2, to 57% for a score of 2-3, and
to 100% for a score of 4-5. In the resulting ROC curves, a score of 3 points provided sensitivity and
specificity higher than 80% for the entire cohort. Based on this model, the Authors recommended
isolated LVAD implantation for patients with a score of 0 or 1 and BiVAD for patients with a score
of 4 or 5. They placed patients with a score of 2 in the gray area and stated that LVAD implantation
could be performed for these patients accompanied by appropriate pharmacological and/or
temporary RVAD support or tricuspid valve repair.

Historically, older RVF risk scores were developed in the era of pulsatile flow LVADs. The lack
of validation studies has made it difficult for these models to accurately predict RVF in the current
continuous-flow LVAD population. To more accurately predict RVF, models that use retrospective,
predominantly single-center, primarily continuous-flow LVAD data have been developed. However,
a common shortcoming of both old and new risk scoring models is that they are subject to limited
external validation and had modest predictive value.

In 2018 Soliman et al. developed and validated a simple score to predict early RHF after
continuous-flow LVAD implantation in a large population from the EUROMACS Registry [63].
Definition of RVF (rate 21.7%) was receiving short- or long-term RVAD support, continuous inotropic
support for 214 days, and NO ventilation for 248 hours. They examined 82 potential preoperative
predictors and CPB time as a operative variable for the association with RHF. The EUROMACS-RHF
risk score is composed of severe RV dysfunction, 2 points; ratio of RA/PCWP 20.54, 2 points;
advanced INTERMACS class 1-3, 2 points; need for =3 intravenous inotropes, 2.5 points; and
hemoglobin <10 g/dL, 1 point. Composite 5-point score predicted early RHF after LVAD implantation;
Moreover, as the score increased, the risk of both RHF and mortality increased. ROC curve analysis
of the EUROMACS-RHF risk score was compared with previous risk scores and with individual
known markers of RHF. They claimed that, The EUROMACS-RHF risk score outperformed
previously published scores and known individual echocardiographic and hemodynamic markers of
RHEF. Finally, they validated the risk model in the validation cohort. The c index was 0.70 in the
derivation versus 0.67 in the validation cohort. The Hosmer-Lemeshow goodness-of- fit P value was
0.61 in the validation cohort, which reflects an appropriate fit for the data in this cohort.

Early studies examining risk factors associated with RVF and developing various risk scores
were generally based on the weighted sum of 4-7 risk factors contributing modest sensitivity or
specificity. In addition, accurate prediction of patients at risk of RVF after LVAD implantation
depends on the multidimensional and variable interaction of many perioperative variables that
cannot be adequately captured by traditional multivariate modeling techniques. As a result,
generalized recommendations for patient selection obtained from relatively small single-center
patient groups have limited usefulness in practice.

Prediction models that we have summarized so far were conventional statistical analysis
methods. As Al began proving itself more within healthcare, heart failure subgroups specific research
increased as well, where considerable LVAD and heart transplant subjects related Al literature began
populating journals more and more. Although studies mentioned above evaluated risk factors
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regarding post LVAD RHF, due to the fact that this is a multifactorial problem makes it especially
hard to effectively investigate this issue properly through conventional means. It is for this reason
that Al and ML enables a more comprehensive avenue of research on this topic.

2.2. Al based studies/risk scores

The use of Bayesian statistical modeling was proposed by Loghmanpour et al. to overcome the
limited predictive capacity of risk scores obtained from existing multivariate analyses [64]. This
recommendation of the Authors is based on the hypothesis that it is essential to consider the
relationships and conditional probabilities between independent variables to achieve satisfactory
statistical accuracy. In this context, Bayesian Network (BN) algorithms can account for nonlinear
interactions between variables by identifying groups of risk factors and their conditional
interdependencies. The Bayesian models reported in this study are particularly suitable for
combining large sets of risk factors because they are based on conditional probabilities of the
likelihood of RVF for a given combination of interrelated variables. The authors suggested that these
algorithms better reflect prioritization of dynamic clinical information when using data provided by
the INTERMACS registry. To the authors' knowledge, this is the first report of a prognostic RVF
model following continuous-flow LVAD using the INTERMACS database and adopting ML methods
for statistical analysis. They extracted 34 preoperative variables from INTERMACS data base of 10909
patients from 2006 to 2014 in order to predict RVF after LVAD implantation. The definition for RVF
was based on the INTERMACS definition prior to 2014. Overall 2024 patients were diagnosed with
RVF (18.5%), 293 with acute (<48 hours after implant) RVF (2.7%), 1036 with early (48 hours to 14
days) RVF (9.5%), and n=695 with late onset (>14 days) RVF (6.4%). Systolic PAP, pre-albumin, LDH
and RVEF parameters were found to have the most predictive value among all the preoperative
variables. The authors acknowledge that a retrospective study with incomplete data is not ideal for a
more detailed analysis where RVF severity could have been also considered. Patients already
considered too risky for LVAD implantation for RVF possibility and thus never received LVAD were
unavoidably omitted from data set, perhaps skewing results.They analyzed accuracy, area under the
ROC curve (AUC), sensitivity and specificity, respectively. According to their findings, The AUC of
the Bayesian model was 0.90 for acute RV failure, 0.84 for early RV failure, and 0.88 for late RV failure
after LVAD implantation, significantly outperformed all previously published risk scores.

In a 2018 study, Samura et al. utilized a supervised ML model in order to predict right
ventricular assist device (RVAD) requirement for patients that will undergo LVAD implantations
[65]. They used 42 preoperative clinical and hemodynamic parameters of 115 patients that proceeded
to be implanted with a continuous flow LVAD between years 2013 and 2017. As a result of their study,
5 parameters were highlighted as having most predictive value, left ventricular end-diastolic
dimension, left ventricular end-systolic dimension, left ventricular ejection fraction, etiology of
dilated phase of hypertrophic cardiomyopathy, and less-distensible right ventricle. 8 different ML
algorithms were tested in order to obtain the best results and they declared that a derived Naive
Bayes model achieved a great accuracy of 95 % and area under curve (AUC) of 0.85. Researchers
concluded that this method was useful and feasible in order to preoperatively predict which patients
would likely need RVAD implantation.

Bellavia et al. used ML approach to find out the association between regional right ventricular
and right atrial strain for prediction of right ventricular failure in both early and late postoperatively
period [66]. Michigan risk score along with CVP and apical longitudinal systolic strain of the right
ventricular free wall were found to be the most important predictors of acute RHF. For the chronic
RHF, the most prominent predictors were right ventricular free wall systolic strain of the middle
segment, right atrial strain and tricuspid annular plane systolic excursion.

Shad et al. used combining greyscale video data and optical flow streams from the video data
with a three dimensional 152-layer deep learning ML algorithm. 1909 scans from 723 patients were
evaluated in order to predict RHF development of LVAD patients [67]. The researchers used two
clinical risk score systems; CRITT and PENN scores to identified potential risky patients for RHF
after LVAD implantation. Subsequently they compared their deep learning and ML systems
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performance of against to risk scores. The study included 941 LVAD patient; separated in two; group
one (n:182) presented RHF, group two (n:541) without RHF. While the researchers checked the area
under curve (AUC) they found that AUC of CRITT and PENN scores are 0,616 and 0,605 respectively.
The AUC of their Al systems is 0,729 which means the newly developed deep learning system is
presented more accuracy to predict of RHF. Although they worked with small and limited data set
the results were challenging and on account of that they believed that Al will find wider working
place in cardiovascular disease especially for doing prediction studies. They further argue that, when
RVAD implantation is planned beforehand and perhaps concurrently with LVAD implantation as
opposed to emergent RVAD implantation after patient condition deteriorates. Therefore, being able
to predict eventual RHF development for patients before LVAD implantation will improve patient
survivability.

In 2021, Kilic et al. utilized extreme gradient boosting which is an ensemble ML algorithm in
order to investigate preoperative data association with postoperative adverse events which translates
to 90 days and 1-year survival rates [68]. This study involved 16120 patients from 170 centers where
the data set was acquired from INTERMACS. It includes patient demographics, comorbidities,
laboratory parameters, clinic visit measurements, interval events during hospitalization prior to
LVAD insertion, and concomitant operative procedures. Post-LVAD data collected in INTERMACS
includes adverse events and survival. Examples to these adverse events include thrombosis, RHF,
infection and bleeding. Reportedly, end result of this study found that there was an improvement of
48.8% (p<0.001) in 90-day mortality prediction and 36.9% (p<0.001) improvement in 1-year mortality
prediction with ML compared to usual logistic regression data analysis. ML models derived using
the XGBoost algorithm were well calibrated and had improved discrimination over logistic
regression. Based on these findings, they concluded that ML may have an important role in risk
prediction in LVAD treatment, both independently and in addition to traditional modeling
approaches such as logistic regression. Further study that focuses on specific adverse events
prediction, such as RHF, may be conducted in order to better understand the underlying mechanisms
of these clinical outcomes and which would translate to creating a better patient treatment plan
accordingly.

Using the statistical computing tool called “R”, Kilic et al. evaluated data from ENDURANCE
trials in 2020, which included 564 patients [69]. This study aimed to analyze the risk of major adverse
events after LVAD implantation and how they transitioned to each other. These events were device
malfunction, bleeding, infection, neurological / renal / respiratory dysfunction and RHEF. They
identified that most common adverse events were bleeding and infection. Interestingly, they found
that RHF is one of the top three adverse events, bleeding and infection being the other two, that leads
to further adverse events most often. The highest transition probabilities were found to be infection
to infection (0.34), bleeding to bleeding (0.31), RHF to bleeding (0.31), RHF to infection (0.28), and
bleeding to infection (0.26). Additionally, they found that RHF has the lowest median time to first
adverse event with 3.5 days. Highlighting the importance of RHF for overall mortality rates post
LVAD implantation, Patients with RHF are shown to have 50% mortality rates. RHF was also
identified to be significantly linked with bleeding and infections, which it then follows that RHF
prediction is vital to successful long term LVAD patient survivability.

2550 patient data from International Registry for Mechanically Assisted Circulatory Support
(IMACS) database were utilized by Nayak et al. in 2022 in order to analyze 41 pre-implant variables
of patients with acute post LVAD RHF [70]. An unsupervised ML model was used in their work,
identifying 4 RHF phenotypes, where severe shock phenotype had worst clinical outcomes. Ischemic
cardiomyopathy (ICM) with low grade shock and non ICM without shock were two other
phenotypes identified. Best clinical outcomes were observed with ICM without shock phenotype.
The notion of classifying patients into phenotypes may prove useful for future researches as applying
separate ML based prediction or analysis models to significantly differing pathophysiologies for RHF
could improve predictive capabilities of pre-implant evaluations overall.

The study that designed by Bahl et al. was one of the newest studies which focused on ML and
RHEF [71]. They preferred an “explainable” ML method called Boosted Decision Trees for analyze the
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preimplant patient factors in nonlinear interactions with RHF after LVAD implantation. The study
includes the patients in INTERMACS registry who were implanted with their first durable LVAD
between 2008 to 2017. A total of 186 potential risk factors were analyzed from 19,595 patients as
unbiased and comprehensively as possible. This study was aimed at better quantifying and
understanding how different clinical variables impact each other and the complex mechanism that
leads to RHF after LVAD implantation. The study showed that in 19.1% of patients severe RHF was
developed within the first 30 days. Thirty top predictors of RHF were identified. INTERMACS
profile, Model for End-stage Liver Disease score, the number of inotropic infusions, hemoglobin, and
race were the first five top factors. Additionally, many of these top factors showed nonlinear
relationships with key risk inflection points such as INTERMACS profile 2-3, right atrial pressure of
15 mmHg, pulmonary artery pressure index of 3, and prealbumin of 23mg/dl. They claimed that, ML
offers a number of algorithms that are far more flexible and are well equipped for high dimensional,
nonlinear, and interacting relationships. They also believed that this study could open new era for
researchers to formulate patient optimization strategies before LVAD implantation.

Using a Convolutional Neural Network (U-Net), Just et al. evaluated preoperative CT scan data
of 137 patients in order to assess their body composition and then predict postoperative major
complications after LVAD implantation [72]. Body composition evaluation included visceral and
subcutaneous adipose tissue areas, psoas and total abdominal muscle areas and sarcopenia. The body
composition parameters were correlated with postoperative major complication rates, such as
postoperative infections, in hospital mortality and overall quality of life. They found that Adipose
tissue distribution / concentration was a good predictor of postoperative infections, in-hospital
mortality, impaired 6-minute walking distance and quality of life within 6 months postoperatively.
While the study focuses on all cause related outcome prediction, RHF is one of the poor outcome
classes that is present in the data set. Therefore, a focus study on the usefulness of Al in RHF
prediction using a similar data set might be warranted. Method and performance summary of
reviewed publications presented in Table 1.

3. Discussion

Although LVADs became a preferred surgical option for advanced heart failure; undesired
postoperative complications still occur with considerable prevalence [73].

RHF is one of the life-threatening complications with an incidence estimated nearly 10%-40%.
Many studies were designed to find out the pathophysiology of post-LVAD RHF [74-82] Increased
RV preload and concomitant septal shift towards to left ventricle is the most well-known mechanisms
[83-100]. Previously published prediction models were used to find out the link between post-LVAD
RHF and possible risk factors as in linear interaction.

However, like RHF is, some clinical situations usually present with complex clinical aspects that
may force the clinicians think versatile to improve the outcomes. ML is a new challenging method
start to use in cardiovascular disease especially for decision making, prediction scores and
prognostication. Compared with conventional statistical methods that work to find out the
correlations between risk factors and outcomes with mathematical equations, ML aims to discover
association between multiple variables and outcomes using linear and nonlinear interaction ways.
The advantages of the technique have covered the most of gaps in the research field and give more
opinion for future studies.

In this comprehensive review we analyzed and summarize published studies which already
took place in literature and aimed report the prediction of RHF after LVAD implantation using ML.

As we summarized the details of the studies above, there some points that should be emphasis
to clarify the aim of the ML approaches. For instance, the design of the studies is the most important
checkpoint which increases the study’s value. The results of multicenter planned studies appear to
be stronger for researchers. For this purpose, Kili¢ et al. conducted a multicenter research which
included more than 15000 patient’s data acquired from INTERMACS database. It is not easy for
statistical methods to compare very large variable factors with each other in an unbiased way to find
the most predictable ones. Another favorable feature of AI studies is determined with
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echocardiographic scans. Shad et al. reported that, data obtained with the help of Al performed better
compared to manually obtained echocardiographic measurements and clinical risk scores (CRITT
and Penn).Al based system directly analyses the spaciotemporal information from cardiac walls and
valves instead of segmental evaluation of cardiac chambers. Consequently, the misleading results
getting by manually calculation of cardiac functions were eliminated. While they used the biggest
data set of echocardiography, they also noted some limitations. Because of the study was planned
retrospectively, the acquisition of the echocardiography remains unstandardized. Additionally, the
timing of the last echocardiographic scans was not in the same timeline for all patients. Although
their focused that pre-training large video dataset was the key point of the study, they have been
noted that prospective evaluation and time line standardization would bring out much better
estimation [67].

Beside of the echocardiographic images used for making prediction in LVAD patients, Berlin
Heart center researchers reported an interesting study designed as find out the relationship between
body composition and postoperative LVAD complications used Al techniques. Total of 137 patient
were included in study who had underwent for CT scan before surgery. Their Al based evaluation
of body composition demonstrated that higher patients with higher visceral adipose and
subcutaneously adipose tissue suffer worse postoperative outcomes. This study given an opinion to
use CTt scan images for prediction analysis in LVAD patients [72].

As we analyzed in this review, ML models showed excellent discrimination in predicting RHF
after LVAD implantation. The majority of Al studies achieved AUC rates above 0.6 when compared
to contemporary clinical risk scores. ML-based Al prediction models allow clinicians to make more
efficient assessments and gain more predictive insight into whether they will suffer from RHF.
Depends all reviewed studies we can say that ML techniques have potential to improve clinical
decision making and patient selection to improve better outcomes.

4. Limitations

Our review has some limitations. Our research included only medical databases as mentioned
above. Therefore, we understand that there are many other databases and it is probable that
paramedical publications in other scientific fields like biomedical engineering and bioinformatics
may exist.

5. Conclusion

RHEF is a severe problem can occur after LVAD implantation. To make a prediction for selected
patients may help to decrease the incidence and reach better outcomes with these patients.
Nowadays the classical statistical methods are started to giving hand to Al techniques which
overcome to linear evaluation studies. As we can conclude from this review, Al techniques have
begun to take place in paramedical fields as well as in the most specific subjects of medicine. It would
be a correct approach for clinicians not to stay away from these developments. Although they have
limitations at some points, we believe that ML procedures will also improve with advances in Al and
computational science. In our opinion in very nearly future more studies will be design with using
Al techniques.
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