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Abstract

Background—Liver transplants account for a high number of procedures with major 

investments from all stakeholders involved; however, limited studies address liver transplant 

population heterogeneity pre-transplant predictive of post-transplant survival.

Objective—To identify novel and meaningful patient clusters predictive of mortality that 

explains the heterogeneity of liver transplant population, taking a holistic approach.
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Methods—A retrospective cohort study of 344 adult patients who underwent liver transplantation 

between 2008 through 2014. Predictors were summarized severity scores for comorbidities and 

other suboptimal health states grouped into 11 body systems, the primary reason for 

transplantation, demographics/environmental factors, and Model for End Liver Disease (MELD) 

score. Logistic regression was used to compute the severity scores, hierarchical clustering with 

weighted Euclidean distance for clustering, Lasso-penalized regression for characterizing the 

clusters and Kaplan-Meier analysis to compare survival across the clusters.

Results—Cluster #1 included patients with more severe circulatory problems. Cluster #2 

represented older patients with more severe primary disease, while Cluster #3 contained healthiest 

patients. Clusters #4 and #5 represented patients with musculoskeletal (e.g. pain) and endocrine 

problems (e.g. malnutrition), respectively. There was a statistically significant difference for 

mortality between clusters (p value <.001).

Conclusions—This study developed a novel methodology to address heterogeneous and high 

dimensional liver transplant population characteristics in a single study predictive of survival. A 

holistic approach for data modeling and additional psychosocial risk factors have the potential to 

address holistically nursing challenges on liver transplant care and research.
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Transplantation increasingly has been applied as a treatment of choice for severe and end-

stage liver diseases. The United States (US) accounted for 7,851 liver transplants in 2016, 

representing 23% of all transplants in the country, and is the leader worldwide in the number 

of procedures annually (UNOS, 2014; GODT, 2012). Liver recipient overall survival rates 

range from 55.6% to 86.5%, depending on recipient status before transplantation and years 

of follow-up after transplantation (UNOS, 2017). However, the liver transplant population is 

highly heterogeneous in terms of clinical presentation, non-clinical characteristics, and 

outcomes. Despite this known heterogeneity, few studies have undertaken a comprehensive 

investigation of the broad array of potential predictors and the impact of their combinations 

on patient outcomes (de Kroon, Drent, van den Berg, Haagsma, & Groningen, 2007; 

Sullivan, Radosevich, & Lake, 2014); and, to our knowledge, no study attempted to bring 

this heterogeneity to the surface.

A critical review of the literature showed that there is rigorous research addressing 

physiological risk factors predictive of survival, such as cirrhosis, hepatocellular carcinoma, 

and hepatitis C (Cho et al., 2001; Dickson et al., 2011; Patel et al., 2012), but further 

research is needed to include additional risk factors that represent a holistic perspective for 

this population and strengthen the predictive value of those models. A holistic approach 

supports the focus on the whole person, the connection of mind, body, and spirit rather than 

just on illness and specific diseases with the goal of achieving well-being (Walter, 2017). For 

instance, well-being is a concept that has recently been adopted to entail the whole-person 

perspective and share common elements across countries and cultures (Gallup, 2014; 

Kreitzer, 2012; Monsen, Peters, Schlesner, Vanderboom, & Holland, 2015). A framework to 

map liver transplant characteristics holistically was developed and is reported elsewhere 
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(Pruinelli et al., 2016). Considering this framework, even important non-physiological 

predictors, such as patient alcohol abuse and psychosocial problems, seldom have been 

included in statistical models for this population (Cho et al., 2001; Dickson et al., 2011; Fan 

et al., 2009; Gleisner et al., 2010; Pruinelli, 2016). Further, due to the progression of liver 

diseases to worsening states while patients are waiting for a liver transplant, several 

suboptimal health states are developed before transplantation, such as malnutrition, sleep 

disturbance, and musculoskeletal problems. Thus, there is an urgent need to adopt a holistic 

approach to explore the association of a broad array of pre-transplant risk factors with 

survival to better characterize the liver transplant population heterogeneity.

The liver transplant population represents a mix of different risk factors that have different 

outcomes. Addressing population variability is the aim of Precision Medicine Initiative 

(PMI), launched in 2015 by the US government (NIH, 2016). The program is an emerging 

approach for disease treatment and prevention that takes into account individual variability 

of biological, environmental, and behavioral influences on disease progressions. Similarly, 

the Symptom Science Model (SSM)(NINR, 2016) was established to guide research in 

predicting which patients are most at-risk for adverse symptoms and conditions. Both 

initiatives emphasize developing personalized health strategies for disease and symptom 

management based not only on clinical, but also on physical and psychosocial parameters. 

To this end, the inclusion of a variety of factors representing a holistic approach is central to 

identify how outcomes vary according to patient’s characteristics. Much of this variability 

can be explained by identifying patient groups with very distinct risk factors. Survival rates 

vary according to these risk factors, and consequently, vary highly across different groups 

presenting with different risk factors. On the other hand, since the risk factors are similar 

within each group, survival rates are also going to be relatively similar. The PMI program 

seeks to reach all diseases, but to our knowledge, other than common diseases, such as 

diabetes and heart diseases, no efforts have been addressed for the liver transplant 

population. To this end, PMI premises applied to the liver transplant population can support 

research that comprises liver transplant heterogeneity and a holistic approach to risk factors; 

thus, providing more effective ways of understanding this population.

Cutting-edge statistical approaches, such as data mining techniques, can be used to analyze a 

wide variety of patient characteristics and discover unique groups within the liver transplant 

population that represents this heterogeneity, which might otherwise remain unknown (Tan, 

Steinbach, & Kumar, 2006). Specifically, clustering methods can be used to discover groups 

(clusters) of patients such that patients in the same group have similar characteristics to each 

other, while patients in different clusters are distinctly different. These clusters can represent 

different subcategories of a disease and/or suboptimal health states, such as novel groupings 

of liver transplant patient characteristics (Dey et al., 2015; Lanzola, Parimbelli, Micieli, 

Cavallini, & Quaglini, 2014; Tan et al., 2006), and these may explain why specific groups 

have different outcomes. This study aimed to apply a hierarchical clustering analysis to 

identify novel and meaningful patient clusters, incorporating comorbidities and suboptimal 

health states, to explain the heterogeneity of liver transplant population that are predictive of 

all-cause mortality.
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Methods

Cohort Source and Selection

Data from the Organ Transplant Tracking Registry (OTTR) (OTTR, 2014) of a Midwest 

institution was used. After approval from the Institutional Review Board, a dataset 

containing all adult patients 18 years and older who underwent liver transplantation between 

01/01/2008 and 12/31/2014, with associated follow-up data through 2/28/2016, was 

transferred to a secure environment for data analysis.

Inclusion criteria were patients who received their first liver transplant. Patients who 

received combined transplantation were excluded to prevent bias. Data included: pre-

transplant recipient information (date of transplant, reason for transplantation, Model for 

End Liver Disease (MELD) score), laboratory results (creatinine, bilirubin, international 

normalized ratio (INR)), problem list, containing comorbidities and suboptimal health states, 

sociodemographic (age, gender, and race) and environmental information (smoking status 

and waiting time at list), and post-transplant vital status (dead or alive). For this study, 

suboptimal health states are a physiological and/or physical state between health and 

disease, a subclinical problem that could be reversible, not progressing to a disease (Wang & 

Yan, 2012). Risk factors were pre-transplant recipient conditions, and the outcome was post-

transplant all-cause mortality.

Data were assessed for quality based on the current literature and domain knowledge. 

Duplicate records were removed and missing MELD scores were computed based on data 

available from other tables; if data was not available for computation, patients were 

excluded.

Statistical Analysis

Overview—To address the large number of variables (174 variables) and a comparatively 

modest sample size (344 patients), problems, comorbidities, or suboptimal health states were 

summarized by body system and then converted into severity scores. By using severity 

scores, the total number of variables was reduced to 14 and these scores were used to 

perform clustering rather than the raw data. The analysis approach addressed the varying 

degree of each variable importance in patient similarity by defining the notion of similarity 

through a metric that assigns weights to variables, proportional to the variable’s ability to 

predict mortality. This approach also takes the correlation among variables into account. 

Below is a detailed explanation of each of these steps.

Constructing severity scores—A severity score was computed for every patient and 

every body system. The severity score is a number, the log odds of mortality that the 

problems in the body system confer for the patient. In total, fourteen severity scores were 

constructed: one for each of the 11 body systems, one for the primary disease (reason for 

transplant), one for demographics and environmental factors, and the original MELD score 

was used, which is already a severity score.

The severity scores were computed as follows. All comorbidities and suboptimal health 

states from the problem table were extracted and categorized into body systems as defined in 
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OTTR. The model for the severity score was a logistic regression model (LRM), which was 

constructed for each body system separately. The outcome (dependent variable) was all-

cause mortality and the independent variables were the various problems in a body system. 

Variables were selected based on statistical and clinical significance. Clinical significance 

was determined based on literature review and whether characteristics represented any of the 

holistic framework dimensions for liver transplant patients (Pruinelli et al., 2016). Five 

smaller and similar body systems were combined into two models (gastrointestinal and 

pancreas; and eyes, ears, nose, and throat, with skin and subcutaneous), and one system 

(gynecologic) was excluded due to the lack of statistical and clinical significance. 

Backwards elimination was used for statistical significance. The coefficients derived from 

the LRM models were used for building severity scores for each body system where values 

were weighted to each patient according to the LRM results. That means, even in cases 

where the coefficient was high (e.g. peripheral arterial disease with a coefficient of 1.788) 

and the p-value was not significant, the coefficient was considered and was weighted for 

each patient. The severity score can thus be interpreted as the log odds of mortality given the 

problems the patient has associated with the body system in question. A bootstrap 

simulation with 1,000 replications was used to estimate the predictive validity of each LRM 

model.

A similar LRM model was built for the primary disease (reason of transplantation) and for 

demographic/environmental variables. Demographics and environmental variables were 

combined in one severity score because they represented a small number of variables and 

were not associated with any body system in OTTR. The resultant data set for analysis had 

14 severity scores, including the MELD score, and was the input for the clustering 

algorithm.

Clustering analysis—The clustering analysis (Tan et al., 2006) had two steps: 1) define a 

similarity (or dissimilarity) metric that can assign weights to variables that reflect their 

importance, and 2) perform the clustering using this similarity metric. For step 1, the 

weighted Euclidean distance was selected as the metric of (dis)similarity. The weights were 

computed using a LRM with the severity scores as independent variables and all-cause 

mortality as the dependent variable. There was a weight associated with each severity score 

(the coefficient of the variable in the model). For step 2, the agglomerative clustering 

analysis was employed. Agglomerative clustering iteratively merges patient groups that are 

relatively homogeneous (there is little variability in the clinical presentation within the 

groups) to form larger groups that are more heterogeneous (having more clinical variability). 

Initially each patient is considered a small but very homogeneous cluster, then in each 

iteration, the two most similar clusters are merged until ultimately all patients form a single 

highly heterogeneous cluster (the entire population). The homogeneity was measured using 

Wald’s within-cluster sum squared error.

Interpreting the clustering results—To further characterize the clusters, for each 

cluster, Lasso-penalized logistic regression models were built, “predicting” whether each 

patient belongs to a particular cluster or a different one. A high positive coefficient for a risk 

score indicates that the problems in the body system represented by the risk score are 
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prevalent in the cluster; high negative coefficient indicates that the corresponding body 

system problems have low prevalence; and zero coefficients indicate that the cluster is no 

different from the population in terms of the corresponding body system. The Lasso penalty 

induces sparsity (setting coefficients to zero); thus, providing a concise characterization of 

the clusters.

Survival Analysis—A Kaplan-Meier analysis was used to estimate survival for each 

identified clusters of patients, considering its characteristics, and log-rank and Flemington-

Herrington tests were used to compare survival estimates between clusters.

Statistical analysis was performed using RStudio, version 3.1.3. Descriptive statistics are 

presented as mean and IQR for continuous variables. Categorical data are presented as 

percentages.

Results

From a total of 358 patients that underwent liver transplantation for the first time during the 

study period, 344 patients were included in this analysis. Fourteen patients were excluded 

due to a missing MELD score and insufficient laboratory data available for computation.

The majority of patients were male (70%), Caucasian (82.2%), and non-smokers at the time 

of transplant (86%) (Table 1). The mean age was 55.2 (IQR = 50.9 – 61.7), with a mean 

waiting list time pre-transplant of 320.5 days (IQR = 27 – 410). The mean MELD score at 

the time of transplant was 30.18 (IQR = 25 – 36).

Severity Score Models

Table 1 presents the severity score models for demographics/environmental factors, primary 

disease, and each of the 11 body systems after backward elimination was applied. Each 

segment in the table describes the model for the corresponding body system, and represent 

the coefficients used to compute the severity scores during the next step of the analysis. 

Coefficients denote the log odds of mortality for each model. For example, considering the 

endocrine body system model, failure to thrive or malnutrition requiring treatment and 

adrenal insufficiency increases the log odds of mortality by 0.56 and 2.73, respectively, 

while electrolyte imbalance requiring treatment decreases by 1.32 [log(odds) = 0.56 + 2.73 – 

1.32 = 1.97]. Overall, patients with endocrine body system comorbidities and suboptimal 

health states, such as malnutrition and electrolyte imbalance, had 7.17 [exp(1.97)] times 

greater odds of dying than patients who did not have endocrine body system comorbidities.

Clustering Results

As the first step of clustering, weights were computed for the weighted Euclidean distance 

using a second LRM (Table 2). For example, taking the two extreme coefficients from Table 

2, mental and circulatory body systems results showed that for each unit increase in the 

severity of mental problems, the log odds of mortality increased by 0.58, while a unit 

increase in the severity of circulatory problems increased the risk of mortality by 3.717. 

Since the severity scores are on the same scale, the coefficients are directly comparable: 

circulatory problems are 6 (3.717/.58=6.379) times more predictive of all-cause mortality 
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than mental illness. During clustering, these weighted coefficients, reflect this difference in 

importance: a unit of dissimilarity in circulatory system-related problems between two 

patients will make them approximately 6 times as dissimilar as a unit difference in mental 

illness. The agglomerative coefficient, which measures the quality of the cluster structure in 

the data, was 0.95 (1=very clear structure, 0=no structure was found).

Interpretation of the Clustering

To identify patient characteristics that distinguish the clusters, Figure 1 displays results of 

the discriminative analysis through the Lasso-penalized regression with the 14 variables 

used as independent variables. The figure depicts 14 groups of 5 color bars, each group 

corresponding to severity scores and each bar representing a cluster. The vertical axes 

represent the Lasso coefficient results and the horizontal axes the severity scores assigned to 

each of the clusters.

Lasso results showed that there was a single driver for patient assignment to three of the five 

clusters (#1, #4, #5). Cluster #1 represents patients with a higher circulatory system severity 

score, Cluster #4 with higher musculoskeletal system severity score, and Cluster #5 with 

higher endocrine system severity score. In contrast, Lasso results for Cluster #3 showed 

negative values for multiple severity scores, suggesting that Cluster #3 consisted of healthier 

patients (those with lower severity score for the indicated body systems). Finally, results 

showed that Cluster #2 represents patients whose risk of mortality is driven by 

demographics/environmental factors, primary disease reason for transplantation, and have 

low severity for circulatory and musculoskeletal body systems. Severity scores for 

gastrointestinal, biliary, neurologic, mental, extremities systems, and meld score were not 

predictive of membership for any cluster in this population.

Survival Analysis

The mean follow-up time for patients alive at the end of the follow-up was 1523 days (n = 

262, IQR = 1093) and the mean for those who had died was 609 days (n = 82, IQR = 996). 

Figure 2 shows the survival curves for the five clusters of patients, and the estimated survival 

rate for these same clusters. Cluster #3 and Cluster #5, respectively, had the best and worst 

survival probabilities considering a long-term follow-up of 5 years, and all-cause mortality, 

after liver transplantation (Figure 2). Patients in Cluster #4 had the worst survival at long 

term follow-up, 37.5% at 5 years. The log-rank and Flemington-Herrington tests showed 

statistical significance between clusters (p value < 0.001).

Discussion

Important heterogeneity exists in patients undergoing liver transplant in terms of their 

clinical presentation, their non-clinical characteristics, and their outcomes in predicting 

survival. Recipients have a variety of risk factors, and according to these factors, survival 

rates vary greatly. In this data-driven study, a hierarchical clustering analysis was applied to 

identify novel and meaningful patient clusters to better understand and characterize this 

heterogeneity, and to discover knowledge that is unknown in transplant research. A holistic 

perspective was employed to achieve this goal which took into account a broad range of 
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clinical and non-clinical factors, psychosocial risk factors, including environmental factors. 

However, consideration of a broad range of risk factors with a relatively modest sample size 

made off-the-shelf cluster analysis challenging and required the development of a novel, 

robust analytic strategy to overcome these challenges. Following the proposed strategy, 

hierarchical clustering analysis was able to identify clusters of patients who share similar 

characteristics that are predictive of all-cause mortality and explain liver transplant 

population heterogeneity. Understanding this heterogeneity and its impact on disease 

progressions and health deterioration has the potential to improve the allocation process and 

tailored nursing and multiprofessional interventions, increasing personalized and holistic 

care to this population.

Cluster #1 was determined by circulatory system severity and highly predictive of survival 

after liver transplantation, and patients had poor survival probability at 5 years after 

transplantation. Cardiac evaluations pre-transplantation already follow strict guidelines due 

to the higher risk of mortality and morbidity for patients undergoing liver transplantation 

with such problems (UNOS, 2017); however, additional investigation and validation of these 

findings are needed to determine the appropriate interventions to be performed before 

undergoing transplantation that may improve outcomes (Skaro et al., 2014). Patients with 

circulatory problems, such as peripheral artery disease, have impaired quality of life and 

several atypical symptoms that impact the overall well-being (Regensteiner et al., 2008; 

Schorr, Peden-McAlpine, Treat-Jacobson, & Lindquist, 2015; WHO, 2013). These patients 

may benefit from multidisciplinary interventions such as exercise training that has shown 

positive results in another populations.

The Musculoskeletal system incorporated pain and comorbidities that are often associated 

with pain, such as fibromyalgia and carpal tunnel diseases, that to our knowledge are not 

considered as predictors of survival for this population. Pain is reported by more than a half 

(65%) of the adults in US with increased cost (Gaskin & Richard, 2012; Nahin, 2015), but 

no studies have investigated underlying pain characteristics and related factors, specifically 

in the liver transplant population. For instance, a study reported that frailty, a measure that 

consider not just severity of the disease, is a better indicator than MELD in predicting health 

outcomes for this population, an issue that is increasingly becoming recognized as a major 

determinant of patient survival (Derck et al., 2015). This study showed similar results, that 

patients with musculoskeletal problems behaved differently and tended to cluster in the same 

group (Cluster #4), and had very poor survival at 5-years follow-up (37.5%). It may be that 

tailored nursing interventions to pain management may increase patients’ comfort and help 

patients to cope with the strict treatment plan before and after transplantation.

Similarly, in Cluster #5, although a small group, the membership was determined by the 

endocrine system severity. This specific cluster contains endocrine related problems not 

usually considered in transplant research, such as failure to thrive or malnutrition requiring 

medication, adrenal insufficiency, and electrolyte imbalance requiring medication. These 

problems were statistically significant predictors for survival in this study, and this cluster 

had the worst survival curve, with no patient surviving at 5 years. This finding points to the 

need to rethink nutritional and electrolyte imbalance management strategies adopted when 

treating patients with these problems. These findings are consistent with other studies 
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(Johnson, Overgard, Cohen, & DiBaise, 2013; Kalafateli et al., 2016), and support the need 

to optimize nutritional status for liver recipients while on the waiting list, either while in the 

hospital and/or at home. Further efforts should be made on investigating these issues, and 

care coordination may play an important role when caring for these patients in the 

continuum of care. Further, adrenal insufficiency was found statistically significant in the 

respective severity score; and additional research is needed to validate the relationship of this 

problem pre-transplant with patient survival.

Unlikely Cluster #1, #4 and #5, Cluster #2 membership was determined by a variety of 

system severities, but these were not statistically predictive during LRM modeling in Table 

1. Patients in Cluster #2 were mainly determined by the primary disease reason for 

transplantation and demographics/environmental factors, and less likely determined by 

circulatory, endocrine, and musculoskeletal body systems severity scores. Cluster #2 

included the majority of the sample of this study and may represent the average liver 

transplant population that undergoes liver transplantation, as well as survival estimates 

reflecting national average reported rates. Nurses play an important role on patient education 

and in the transplantation process. The inclusion of smoking cessation, access to community 

resources for specific groups based on age, gender and race, as well as advice on alcohol 

control and disease spread prevention (e.g. Hepatitis C and B) may be some social-

behavioral factors that nurses may address when educating these patients while they are 

waiting for an organ.

From the results, Cluster #3 could be considered the “healthier cluster”. Findings suggest 

that Cluster #3 represents patients with less severe problems across the various body systems 

and may represent patients that undergo transplantation in better health compared to the 

general population of liver transplant patients, and showed a better survival rate over time. It 

may be that there are other health conditions not considered in this analysis that are 

predictive of that membership, and even play a protective role in that group. This finding 

reinforce the need to achieve the best health state possible before transplantation that, 

consequently, will be reflected in better outcomes. That means, attention should be directed 

to the combination of factors that together play a critical role on patients’ health instead of 

treating patients for specific isolated problems. Our approach showed this: a holistic 

approach was able to identify the heterogeneity that exist in liver transplant population and 

inform personalized approach to health. Although this study incorporated a great number of 

risk factors, donor and logistics variables were not considered in this analysis that could 

provide additional insights, as well as patient’ general health status.

Cluster #3 together with cluster #2 accounted for 86% of our sample and showed a better 

survival rate, which is comparable with national reports. This emphasizes the need to 

address specific subgroups that perform poorly after liver transplantation; and consequently, 

providing better survival rates through tailored interventions pre-transplantation. Future 

research should also consider additional health outcomes that are important for this 

population and costly for the health care system, such as length of stay, readmission, and 

rejection.
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Severity scores of the gastrointestinal, biliary, mental, neurologic, and extremities systems 

and MELD score did not play an important role in determining membership during 

clustering. The MELD score is well-known for predicting mortality in a 90-day period if 

patients stay on a waiting list rather than predicting post-transplantation outcomes (Volk, 

Hernandez, Lok, & Marrero, 2007; Kanwal, Dulai, Spiegel, Yee, & Gralnek, 2005). These 

findings indicate that clustering analysis, using a holistic approach, is able to predict patient 

survival after transplantation better than the MELD score. Gastrointestinal and neurologic 

problems, such as encephalopathy hepatic and portal hypertensive gastropathy, represent 

comorbidities that highly influence how patient health deteriorates while waiting for 

transplantation (Negreanu et al., 2005; Taniguchi, 2012). These conditions not just impact 

patient care, but demand skillful and intensive nursing care. Although alcohol and 

intravenous drug abuse are commonly reported to impact survival after transplantation 

(Wiesner, Lombardero, Lake, Everhart, & Detre, 1997; Cowling et al., 2004), our findings 

did not show this impact; however, this study did not consider abstinence time before 

transplantation.

The main limitation of this study is the lack of cross-validation to establish that the clusters 

are meaningful across health systems and not just tailored to the variation in one health 

system. Additionally, the study sample was of moderate size, from one single center, and 

was predominantly Caucasian and male. However, this study presented a cutting-edge 

methodology that successfully used the pre-transplant severity of liver disease and a wide 

range of comorbidities, suboptimal health states, and environmental risk factors to elucidate 

the heterogeneity in a patient population that undergo transplantation, and is predictive of 

all-cause mortality. Further study is needed to investigate certain problems that appeared to 

be predictive of survival in this study, such as problems from musculoskeletal and endocrine 

systems; as well as to validate these findings using a larger national cohort.

This study showed that nursing science combined with data science have the potential to 

uncover complexities in liver transplant heterogeneity, not just holistically addressing risk 

factors that are critical for the nursing discipline, but also providing new insights in tailoring 

patient-centered interventions. Nurses and multidisciplinary teams play an important role in 

managing liver transplant patients in the continuum of care, both before and after 

transplantation. Understanding that multiple factors influence patient outcomes supports the 

need for a more holistic view when treating this population. Liver transplant patients have a 

broad variety of conditions that affect their health and well-being as described in this study. 

Although the majority of the factors are still physiologic factors, the impact of these factors 

on how patients interact with their environment and themselves are still insufficiently 

understood. The burden of the disease may have further implications for their mental and 

spiritual health, as well as how they overcome difficulties during the treatment process. 

These factors are not yet considered when treating this population, and additional studies 

may find innovative ways to incorporate and account for these factors; thus, providing a 

refined holistic approach when caring for these patients.

Pruinelli et al. Page 10

Nurs Res. Author manuscript; available in PMC 2019 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Conclusion

A novel hierarchical clustering analysis with severity scores was able to group patients with 

similar characteristics that are predictive of all-cause mortality, and explain liver transplant 

population heterogeneity, using a holistic perspective. This approach has the potential to 

identify groups of individuals that may benefit from intensive patient-centered interventions 

prior to liver transplantation. To this end, the study accounted for individual variability 

addressing PMI program efforts to enable individualized, holistic patient care. This study 

highlights the need to assess additional risk factors that are seldom addressed as impacting 

liver transplant survival, such as pain, adrenal insufficiency, and nutritional and electrolyte 

imbalance that may be consequence of the liver disease progression. Further, this study 

showed a new approach to analyze heterogeneous and high dimensional transplant data, and 

that is possible to model a broad array of risk factors in a single model, using a holistic 

approach. Finally, this research informs clinical practice toward individualized care for 

critical populations, such as liver transplantation, and may provide insights into new 

multidisciplinary interventions to improve outcomes and enable patient-centered care.
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Figure 1. 
Lasso penalized regression coefficients for severity score of predictors of death for patients 

undergoing liver transplantation (n=344).
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Figure 2. 
Survival probabilities and estimates survival rates after liver transplantation for different 

cluster of patients (n=344).
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Table 1

Generalized linear models for severity score models by organ system including pre-transplant risk factors.

Generalized linear models n (%) Mean(IQR) Coefficient p value

Demographics/Environment

 Age < 50.90 (1st quartile) 87 (28.2) −0.531 .12

 Age > 61.67 (3rd quartile) 97 (28.1) 0.083 .77

 Gender male 241 (70.0) 0.301 .30

 Race Caucasian 283 (82.2) 0.388 .28

 Smoking status at time of transplant 48 (13.9) 0.138 .69

 Waiting list time in days 320.5 (27–410.2) <−0.0001 .72

Primary disease reason for transplantation

 Hepatocellular carcinoma and Cirrhosis 55 (15.9) 0.375 .30

 Alcoholic cirrhosis with hepatitis C 30 (8.7) 0.757 .07

 Cirrhosis: type C 58 (16.8) 0.485 .16

 Hepatocellular carcinoma 8 (2.3) 0.939 .21

 Cirrhosis: type B HBSAG+ 14 (4.0) 0.862 .14

Blood

 Low hemoglobin 138 (40.1) 0.157 .55

 High lipids 64 (18.6) −0.352 .31

 Infection: non-viral 56 (16.2) 0.273 .41

 Low platelet 70 (20.3) −0.453 .18

Circulatory

 Arrhythmia 42 (12.2) −0.420 .33

 Peripheral vascular disease 6 (1.7) 1.788 .06

 Coronary artery disease (CAD) 22 (6.3) 1.458 .004**

 Varicose vein requiring surgery 5 (1.4) 0.802 .43

 Hypotensive crisis 17 (4.9) −1.170 .16

 Angina 6 (1.7) −2.046 .12

Endocrine

 Failure to thrive or malnutrition requiring treatment 34 (9.8) 0.562 .15

 Adrenal insufficiency 5 (1.4) 2.735 .02*

 Electrolyte imbalance requiring treatment 5 (1.4) −1.324 .37

Gastrointestinal & pancreas: native

 Portal hypertensive gastropathy 96 (27.9) 0.430 .11

 Gastrointestinal benign mass or cyst not infected 53 (15.4) 0.263 .44

 Pancreas benign mass or cyst not infected 9 (2.6) 0.367 .61
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Generalized linear models n (%) Mean(IQR) Coefficient p value

 Pancreatitis: acute 11 (3.1) −0.337 .67

Kidney & ureter: native

 Pre-transplant hemodialysis 61 (17.7) 0.397 .21

 Dysfunction with no dialysis 81 (23.5) −0.210 .49

 Bleed 7 (2.0) 0.889 .25

 Benign mass or cyst not infected 16 (4.6) 0.719 .18

Liver & biliary

 Ascites 138 (40.1) −0.267 .31

 Biliary stones and/or calculi 50 (14.5) −0.320 .40

 Benign mass or cyst not infected 14 (4.0) 0.647 .26

 Cholangitis 15 (4.3) −0.699 .36

 Bile leak 4 (1.1) 1.184 .24

Respiratory

 Acute respiratory distress syndrome (ARDS) 52 (15.1) −0.051 .88

 Asthma 36 (10.4) 0.449 .25

 Chronic obstructive pulmonary disease (COPD) 26 (7.5) −0.398 .45

Neurologic

 Encephalopathy: hepatic 245 (71.2) 0.462 .12

 Sleep apnea 28 (8.1) 0.481 .26

 Seizures and/or epilepsy 16 (4.6) 0.424 .44

Mental illness

 Alcohol abuse 163 (47.3) 0.123 .67

 Iv drug abuse 84 (24.4) 0.220 .50

 Depression requiring treatment 105 (30.5) 0.205 .44

 Bipolar disorder 7 (2.0) −0.787 .47

Musculoskeletal

 Pain of unknown etiology 23 (6.6) 0.886 .05

 Carpal tunnel syndrome 11 (3.1) −1.479 .17

 Fibromyalgia 6 (1.7) 1.452 .09

Extremities (ears, nose, eyes, skin)

 Hearing loss 10 (2.9) −1.191 .26

 Diabetic Retinopathy 5 (1.4) 0.832 .36

 Skin or subcutaneous infection: non-viral 41 (11.9) 0.649 .07

Note: Significant levels:

**
p value < 0.01,
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*
p value < 0.05.
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Table 2

Parameter estimates for severity score models (n=344).

Severity score models Coefficient Std. Error p value

Demographics/Environmental 4.532 2.623 .08

Primary disease reason for transplantation 4.580 2.411 .05

MELD −0.003 0.015 .82

Comorbidities conditions

 Blood 4.950 3.212 .12

 Circulatory 3.717 1.329 .005**

 Endocrine 4.206 1.907 .02*

 Gastrointestinal & pancreas: native 3.534 2.807 .20

 Kidney & ureter: native 3.930 2.615 .13

 Liver & Biliary 4.215 2.640 .11

 Respiratory 4.854 4.685 .30

 Neurologic 1.213 3.059 .69

 Mental illness 0.580 4.216 .89

 Musculoskeletal 4.117 1.993 .03*

 Extremities (ears, nose, eyes, skin) 2.964 2.577 .25

Note: Significance level:

**
p value < 0.01,

*
p value < 0.05.
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