Journal of Cancer Research and Clinical Oncology (2018) 144:607-615
https://doi.org/10.1007/s00432-018-2589-5

ORIGINAL ARTICLE - CLINICAL ONCOLOGY

@ CrossMark

Decision tree analysis to stratify risk of de novo non-melanoma skin
cancer following liver transplantation

Tomohiro Tanaka'® - Michael D. Voigt'

Received: 3 November 2017 / Accepted: 17 January 2018 / Published online: 23 January 2018
© Springer-Verlag GmbH Germany, part of Springer Nature 2018

Abstract

Purpose Non-melanoma skin cancer (NMSC) is the most common de novo malignancy in liver transplant (LT) recipients; it
behaves more aggressively and it increases mortality. We used decision tree analysis to develop a tool to stratify and quantify
risk of NMSC in LT recipients.

Methods We performed Cox regression analysis to identify which predictive variables to enter into the decision tree analysis.
Data were from the Organ Procurement Transplant Network (OPTN) STAR files of September 2016 (n=102984).

Results NMSC developed in 4556 of the 105984 recipients, a mean of 5.6 years after transplant. The 5/10/20-year rates
of NMSC were 2.9/6.3/13.5%, respectively. Cox regression identified male gender, Caucasian race, age, body mass index
(BMI) at LT, and sirolimus use as key predictive or protective factors for NMSC. These factors were entered into a decision
tree analysis. The final tree stratified non-Caucasians as low risk (0.8%), and Caucasian males > 47 years, BMI <40 who did
not receive sirolimus, as high risk (7.3% cumulative incidence of NMSC). The predictions in the derivation set were almost
identical to those in the validation set (r2 =0.971, p<0.0001). Cumulative incidence of NMSC in low, moderate and high

risk groups at 5/10/20 year was 0.5/1.2/3.3,2.1/4.8/11.7 and 5.6/11.6/23.1% (p <0.0001).
Conclusions The decision tree model accurately stratifies the risk of developing NMSC in the long-term after LT.

Keywords De novo malignancy - Skin cancer - Non-melanoma - Liver transplantation - Decision tree

Introduction

De novo malignancy is common in transplant recipients
(Vogt et al. 2002); it occurs in about 10% of liver transplant
recipients at 10 years (Collett et al. 2010); Non-melanoma
skin cancer [NMSC, basal cell carcinoma (BCC) or squa-
mous cell carcinoma (SCC)] is the most common malig-
nancy in transplant recipients (Jensen et al. 2010; Belloni-
Fortina et al. 2012; Haagsma et al. 2001); and may occur
in up to 37% within 10 years after transplantation. This is a
30-100-times greater incidence than the general population
(Herrero 2009). These skin cancers are also more aggressive
than those in the general population. NMSC causes signifi-
cant morbidity ranks in the top 5 most costly cancers in the
United States (Soltani-Arabshahi and Tristani-Firouzi 2013;
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Housman et al. 2003). Although risk factors for NMSC fol-
lowing LT are well described (Mithoefer et al. 2002; Bel-
lamy et al. 2001; McCaughan and Vajdic 2013; Garrett
et al. 2017), these factors cannot easily be used to stratify
or quantify an individual’s risk (Belloni-Fortina et al. 2012;
McCaughan and Vajdic 2013).

Multiple methods that make use of artificial intelligence
or machine learning have greatly improved the accuracy of
predictive analytics. The drawback of many of these tech-
niques is that the algorithms are opaque black boxes which
are difficult to translate into clinically useful algorithms.
Decision tree analysis is an exception, as it is a form of
machine learning that establishes hierarchical trees that are
simple to understand and interpret, and are easy to use to
individualize each patient’s care. This method has been used
in variety of scientific papers including oncology (Leiter
et al. 2004; Kurosaki et al. 2012; Garzotto et al. 2005; Valera
et al. 2007). We therefore used decision tree analysis to see
if it could provide a more accurate and intuitive algorithm
to stratify and quantify the long term risk of NMSC post-
liver transplant using variables available from peritransplant
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period, with a view to providing more personalized care such
as starting chemoprophylaxis, altering immune suppression
regimens, and providing increased surveillance in high risk
patients (Kim et al. 2016).

Methods

This study was approved by the University of Iowa Insti-
tutional Review Board (IRB #201701798). We analyzed
deceased donor liver transplants, based on Organ procure-
ment Transplant Network (OPTN)/United Network for
Organ Sharing (UNOS) STAR file as of September 30, 2016.
This work was supported in part by Health Resources and
Services Administration contract 234-2005-370011C. The
content of the analysis is the responsibility of the authors’
alone and does not necessarily reflect the views or policies
of the Department of Health and Human Services. Mention
of trade names, commercial products, or organizations does
not imply endorsement by the US Government.

Patients

We reported categorical data as median and interquartile
range, and continuous data as mean and standard deviation.
In the comparison of NMSC and unaffected groups, we used
two-sided Student’s ¢ test for continuous data and analysis
of variance or Chi-test as appropriate for categorical data
as appropriate.

We entered the following variables which were available
from peritransplant period into a Cox regression model to
identify predictors of de novo skin cancer: recipient’s gen-
der and age at LT, race, liver disease diagnosis, presence
of hepatocellular cancer (HCC), final laboratory model for
end stage liver disease (MELD) score, body mass index
(BMI),human leukocyte antigen (HLA) mismatch, donor
age, blood group ABO compatibility, cold ischemic time,
acute cellular rejection (ACR) within 30 days post-LT,
thymoglobulin induction, basiliximab induction, choice of
immune suppression at discharge from first transplant admis-
sion, use of sirolimus or mycophenolate mofetil (MMF). Our
primary outcome was the time to diagnosis of skin cancer.
Those variables were selected from basic demographics and
also based on previous research showing an effect on post-
transplant skin cancer. Those were selected based on basic
characteristics available from the database and previous
research showing an effect on skin cancer post-transplant.

Data-mining analysis
Into the decision tree analysis, we entered the variables

which Cox regression identified as the independent posi-
tive or negative predictors of developing NMSC after LT.

@ Springer

We used JMP Pro 11 (SAS Institute, Cary, NC, USA) to
data-mine 105,984 deceased donor liver transplants in the
UNOS/OPTN data files. We randomly divided the data
into a model building set used to generate the model, and
a validation set to validate the model. The model building
set consisted of two-thirds of the patients (n=70,656) and
the validation set of complement of one-third (rn =35,328).
We have previously documented the methods elsewhere
(Tanaka et al. 2015; Kurosaki et al. 2010). Briefly, this
analysis belongs to a family of nonparametric regression
methods based on binary recursive partitioning of data to
produce a model in the form of a tree structure. It incre-
mentally divides the data into smaller subsets which are
optimized according to the amount of information gained
by each subsequent partition into a subset. The software
uses entropy analysis to explore the data to search for opti-
mal split variables, and build the optimal decision tree that
will classify all subjects into particular subgroups. These
subgroups are homogeneous with respect to their ability
to predict a certain stratum of risk of developing NMSC
post-liver transplant. Initially the entire study population
is split into subgroups that stratify the risk of develop-
ing NMSC; then each of these subgroups can be further
subdivided such that the sub-subgroups better stratify
the risk of NMSC. Further subdivisions are made if the
sub-sub-groups improve the classification of the risk of
de novo skin cancer post-LT. We imposed a restriction
that the terminal subgroups resulting from any given split
must contain at least 500 patients. The decision tree anal-
ysis stopped when either no additional information was
gained by a split, or the subset size fell below 500. The
resulting final subgroups were the most homogeneous with
respect to a stratum of risk of de novo skin cancer. The
model classified patients into subgroups with different skin
cancer incidence rates in a flowchart form. The accuracy
and reproducibility of the model that was derived in the
model building set was validated in the randomly selected
validation set. I addition we used Kaplan-Meier analysis
to compare the cumulative incidence of NMSC for each
derived subgroup, as each subgroup represented a specific
(high, intermediate or low) level of risk and used the log
rank statistic for significance. Cox hazard model was then
used in the generation of the predictive index using model
derivation set (Chen and George 1985). Area under the
ROC curve (AUROC), sensitivity, specificity, positive pre-
dictive value (PPV), and negative predictive value (NPV)
were calculated using the generated predictive index in
the validation set.

Of all the 105,984 patients, 2147 (0.02%) had 1 or 2 miss-
ing value(s) in the variables: decision tree model classifies
missing values as a separate category that can be analyzed
with the other categories. Otherwise missing values were
treated with imputation by the personal mean score.
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Results

De novo NMSC developed in 4556 (4.2%) of the 105,984
recipients, at a median follow up of 6.7 years, giving an
incidence rate of 1285 per 100,000 person-years. Two
thousand and seventy subjects had basal cell cancer
(BCC), 3022 had squamous cell and 536 had both. The
rate of NMSC was 2.9/6.3/13.5% at 5/10/20 years, respec-
tively. Mean age at diagnosis was 63 (+ 2.9) years. The
patient characteristics are shown in Tables 1 and 2.

The Cox regression identified male gender, Caucasian
race, older age, lower BMI at LT, and lack of sirolimus
at discharge from initial transplant surgery as significant
risk factors for NMSC (p <0.05, respectively). Choice
of immunosuppressant other than sirolimus, etiology of
liver disease or episode of acute cellular rejection within 6
month post-LT were not associated with the risk (Table 3).

Using these identified risk factors, we performed deci-
sion tree analysis using the randomly selected model
building dataset (n=70,656). All variables were similar
(with no statistic difference) when comparing the model

building and validation sets (Table 2). The decision tree
analysis identified 6 subgroups that optimally stratified the
risk after identifying the best cutoff levels for each fac-
tor (Fig. 1). The strongest initial predictor was Caucasian
ethnic group. Non-Caucasians had a 0.8% risk of develop-
ing NMSC vs 5.6% in Caucasians. Increased age was the
second strongest predictor. Among Caucasians, the model
showed that recipients >47-years-old at LT had a NMSC
rate of 6.4% vs only 3.1% in patients younger than 47. In
Caucasians older than 47, male vs female gender (7.2 vs
4.6%), BMI <40 (7.3 vs 4.4%) and not receiving sirolimus
(7.4 vs 5.5%) serially stratified patients in the intermediate
risk groups. Separate sub-analysis was also performed to
evaluate the development of de novo squamous cell carci-
noma (SCC). The multivariate Cox regression model and
the decision tree was the same as that of the overall de
novo NMSC (same variables with the same cutoff levels),
except the use of the sirolimus was not chosen in the deci-
sion tree model: non-Caucasian had a 0.5% risk of de novo
SCC vs 5.0% in Caucasian male older than 47-years-old
with BMI <40 at LT.

Table 1 Clinical characteristics
of the recipients with (n=4556)

Without de novo NMSC With de novo NMSC  p

and without (n=101,428)
DNNMSC

(n=101,428) (n=4556)

Male gender, n (%) 65,058 (64) 3413 (75) <0.001
Age at liver transplant 51.8 (0.03) 55.5(0.16) <0.001
Caucasian, n (%) 74,547 (73) 4347 (95) <0.001
Liver etiology at LT, n (%)

ALD 19,329 (19) 1033 (23) <0.001

PSC/PBC 10,864 (11) 571 (13)

AIH 3220 (3.2) 146 (3.2)

Other 68,015 (67) 2806 (62)
HCC at LT, n (%) 14,377 (14) 577 (13) 0.004
MELD at LT 21.5 (0.04) 20.4 (0.19) 0.002
BMI at LT 28.3 (0.29) 27.8 (1.31) 0.7
HLA mismatch 4.6 (0.005) 4.5(0.02) 0.002
Donor age 38.6 (0.05) 39.0 (0.25) 0.12
Cold ischemic time (h) 7.6 (0.013) 7.5 (0.64) 0.2
ACR within 30 days, n (%) 12,678 (12) 529 (12) 0.7
On thymo induction, n (%) 6153 (6) 223 (5) 0.008
On basiliximab induction, n (%) 9322 (9) 397 (9) 0.27
On FK at discharge (vs CsA), n (%) 70,780 (70) 3283 (72) 0.9
On Sirolimus®, n (%) 2960 (3) 100 (2) 0.003
On MMF, n (%) 52,607 (52) 2509 (55) <0.001
Follow-up period (ye:afs)b 6.71 (0.016) 6.27 (0.079) <0.001

Data presented as mean (£ SD) unless otherwise indicated

NMSC non-melanoma skin cancer, ALD alcoholic liver disease, PSC primary sclerosing cholangitis, PBC
primary biliary cholangitis, A/H autoimmune hepatitis, HCC hepatocellular carcinoma. ACR acute cellular
rejection, MMF mycophenolate mofetil

At last follow up or at the diagnosis of skin cancer, whichever comes first

YTill death, lost follow up or occurrence of the de novo skin cancer, whichever comes first
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Table 2 Clinical characteristics
of the model building cohort

Building (n=70,656) Validation (n=35,328) p

(n=70,656) and validation
cohort (n=35,328)

Male gender, n (%) 45,614 (67) 22,857 (65) 0.64
Age at liver transplant 52 (0.04) 52 (0.06) 0.57
Development of de novo NMSC, n (%) 3069 (4.3) 1478 (4.2) 0.68
Age at first de novo NMSC 63 (2.7) 62 (3.6) 0.41
Caucasian, n (%) 52,605 (74) 26,289 (74) 0.84
Liver etiology at LT, n (%)

ALD 13,695 (19) 6667 (19) 0.06

PSC/PBC 7682 (11) 3753 (11)

ATH 2262 (3) 1104 (3)

Other 47,017 (66) 23,804 (67)
HCC at LT, n (%) 9969 (14) 4958 (14) 0.62
MELD at LT 21.5 (0.05) 21.5(0.07) 0.98
BMI at LT 28.0 (0.02) 28.1 (0.03) 0.65
HLA mismatch 4.6 (0.006) 4.6 (0.008) 0.72
Donor age 38.7 (0.06) 38.5 (0.09) 0.12
ABO, n (%) 0.56

Identical 65,158 (93) 32,529 (92)

Compatible 4858 (7) 2487 (7)

Mismatch 618 (0.9) 300 (0.9)
Cold ischemic time (h) 7.6 (0.02) 76 (0.03) 0.66
ACR within 30 days, n (%) 8908 (12) 4299 (12) 0.06
On thymo induction, n (%) 4218 (6) 2158 (6) 0.37
On basiliximab induction, n (%) 6475 (9) 3244 (9) 0.92
On FK at discharge (vs CsA), n (%) 49,333 (80) 24,730 (80) 0.93
On Sirolimus®, n (%) 2363(3.3) 1086 (3.1) 0.42
On MMF, n (%) 36,779 (52) 18,337 (52) 0.64
Follow-up period (years)b 6.7 (0.2) 6.7 (0.3) 0.52

Data presented as mean (£ SD) unless otherwise indicated

NMSC non-melanoma skin cancer, ALD alcoholic liver disease, PSC primary sclerosing cholangitis, PBC
primary biliary cholangitis, ATH autoimmune hepatitis, HCC hepatocellular carcinoma, ACR acute cellular
rejection, MMF mycophenolate mofetil

#At last follow up or at the diagnosis of skin cancer, whichever comes first

bTill death, lost follow up or occurrence of the de novo skin cancer, whichever comes first

Based on this decision tree analysis, we identified three
levels of risk for de novo NMSC [low (L), intermediate (Ia,
Ib, Ic and Id) and high (H)] with rates varying from 0.8 to
7.4%. The low risk group (group L) included only non-Cau-
casians. The high risk group (group H) included Caucasian
males, who were older than 47 at LT, who had a BMI <40,
and who did not receive sirolimus. The intermediate risk
groups [intermediate risks (Groups Ia, b, ¢ and d)] were
those with some but not all of the factors (Fig. 1).

When we applied the yardstick derivated by decision tree
analysis which were developed in the model building set to
the randomly selected independent validation set of 35,328
patients, NMSC developed in 0.74% of the low risk group,
7.2% of the high risk group and 2.96% (Group la), 4.7%
(Group Ib), 3.5% (Group Ic), 4.8% (Group Id) in the inter-
mediate risk group. We validated the model by comparing
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the results of model building set with those of the validation
set; the rates of NMSC for each subgroup of patients in this
comparison were closely correlated (*=0.971, p <0.0001)
(Fig. 2) which indicates the accuracy of this model in pre-
dicting the stratum of risk.

Kaplan—Meier analysis demonstrates that the low-,
intermediate- and high-risk groups had significantly dif-
ferent cumulative hazards of developing NMSC (Fig. 3).
The 5/10/20-year NMSC cumulative rates were 0.5/1.2/3.3,
2.1/4.8/11.7 and 5.6/11.6/23.1% in the 3 risk groups respec-
tively (p <0.0001]).

We also performed separate Kaplan—Meier analysis to
assess the actual impact of the sirolimus, which was the only
post-transplant variable, in different risk groups: among
those with Caucasian race, which were chosen as the most
potent risk factor per the current decision tree model, the
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Table3 Multivariate cox hazard model to identify risk factors asso-
ciated with de novo NMSC

HR 95% CI P
Male gender 1.82 1.06-3.25 0.029
Age at LT 1.06 1.03-1.09 <0.001
Caucasian (vs others) 2.0 1.04-4.5 0.036
Liver etiology at LT 0.27
ALD vs others 1.32 0.74-2.28
PSC/PBC/AIH vs others 3.50 0.80-10.3
HCC at LT 0.95 0.48-1.78 0.88
MELD at LT 0.45 0.09-2.1 0.32
BMI atLT 0.96 0.92-0.99 0.045
HLA mismatch 0.85 0.71-1.01 0.07
Donor age 1.01 0.99-1.02 0.42
ABO mismatch 2.0 0.61-12.1 0.50
Cold ischemic time (h) 0.99 0.90-1.06 0.78
ACR within 30 days 1.32 0.70-2.34 0.38
On thymo induction 0.75 0.26-1.37 0.54
On basiliximab induction 1.58 0.88-2.7 0.12
On FK at discharge (vs CsA) 1.13 0.41-4.7 0.83
On Sirolimus® 0.52 0.01-0.73 0.023
On MMF* 1.05 0.63-1.85 0.84

HR hazard ratio, ALD alcoholic liver disease, PSC primary sclerosing
cholangitis, PBC primary biliary cholangitis, AIH autoimmune hepa-
titis, HCC hepatocellular carcinoma. ACR acute cellular rejection,
MMF mycophenolate mofetil

2At last follow up or at the diagnosis of skin cancer, whichever comes
first

Low risk
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Fig.1 Decision tree model developed in the model building set.
Boxes indicate the factors used to differentiate patients and the cutoff
values for each group. Pie charts indicate the incident rate of NMSC
for each group of recipients. Those groups were classified into three
subgroups based on the incident rate
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Fig.2 Correlation between model derivation and validation. The
yardstick proposed by decision tree analysis was validated in the rest
of the dataset with close correlation (r>=0.971, p<0.0001)

use of sirolimus protected patients against de novo NMSC
(10-year development rate of 11.9% in those who were on
it (n=88,911) versus 8.7% in those without (n=2606),
p=0.042). In non-Caucasian, those who were on siroli-
mus did not develop any NMSC during follow up period
(n=454), but those without (n=14,031) showed 10-year
development rate of 1.3%.

Generation of a predictive index was then attempted: In
the model building cohort, Cox hazard model was used to
predict NMSC within the follow-up period and showed Cau-
casian race was with hazard ratio (HR) 5.92 (»p <0.0001),
age <47 at LT with HR 2.876 (p <0.001), Male gender
with HR 1.854 (p <0.0001), BMI at LT <40 with HR 1.40
(<0.0001) and use of sirolimus with HR 1.22 (p=0.01).
This generated the equation: Predictive index = (Cauca-
sian race X 1.779) + [(Age at LT) >47 x 1.056] + (Male
gender X 0.596)+[(BMI at LT <40) x 0.3364] + (Use of
sirolums X 0.2). A cutoff score of 3.0 predicted the de novo
NMSC with a sensitivity of 91%, a specificity of 42%, a
positive predictive value of 5.7%, and a negative predictive
value of 99% (AUROC 0.731, p<0.001).

Discussion
De novo malignancy is one of the most common causes of
death after liver transplantation (Watt et al. 2009, 2010).

The risk of malignancy is two to four times higher in
transplant recipients than in age- and sex-matched control

@ Springer
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Fig. 3 Incidence rate of NMSC
among groups with low-, 04
intermediate- and high-risk
groups. Cumulative incidence
rate of such skin cancer at
5/10/20 year was 0.5/1.2/3.3,
2.1/4.8/11.7 and 5.6/11.6/23.1%
in those with low-, intermedi- 031
ate- and high-risk, respectively
(p<0.0001)

Cumuilative incicence rate of DNNMSC
o
"~
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Intermediate risk
Low Risk
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Patients at risk (n)
High 38722 18952
Intermediate 40170 23892
Low 27089 13573

subjects (Lanzino et al. 1997; Kaneko et al. 2013). This
may be due to impaired immune surveillance in those on
immunosuppression (Swann and Smyth 2007). De novo
NMSC is one of the most common malignancies follow-
ing LT, with an overall incidence of 16-22.5% (Unlu et al.
2015; Herrero et al. 2005). Our data confirms the high
cumulative incidence of NMSC which was 13.5% after
a mean of 20-years post-transplant. Our data also illus-
trate the magnitude of this increased risk: there were 1285
NMSC per 100,000 person-years in our liver transplant
cohort, versus an expected rate of 38 per 100,000 person-
years in the general US adult population (Tejera-Vaquerizo
et al. 2016). This high rate is important because patients
with NMSC could have worse post-transplant survival than
those without NMSC (Herrero et al. 2005; Aberg et al.
2008), especially in case of SCC under immunosuppres-
sive agents (Mithoefer et al. 2002).The incidence of BCC
was four times higher than the incidence of SCC amongst
the general population in the United States (Christen-
son et al. 2005), but we observed more cases with SCC
than BCC in the dataset. There were several other studies
investigating post-SOT (including LT) cohort observed
the reverse ratio of BCC to SCC (Mithoefer et al. 2002;
Hartevelt et al. 1990; Euvrard et al. 1995; Krynitz et al.
2013), which might be related to the pattern of exposure
to ultraviolet radiation with more strict instruction for

@ Springer

Follow up years since LT

7514 2123 400 47
12270 5385 1768 303
5587 1929 465 46

sunscreen, or again the immunosuppressive treatment in
transplant recipients (Naldi et al. 2000).

There are several known risk factors for developing
NMSC in liver transplant recipients, including older age,
male gender, fair-skin, prior sun exposure, actinic keratosis,
smoking, history of autoimmune hepatitis, human papilloma
virus infection, and excessive alcohol use (Mithoefer et al.
2002; Bellamy et al. 2001; McCaughan and Vajdic 2013).
Garrett et al. (2017) recently reported that increased age,
white race, male sex, and thoracic organ transplantation
increased the risk of skin cancer post-solid organ transplan-
tation (SOT), and suggested that this information could be
used to inform risk stratification and screening guidelines for
post-transplant skin cancers. Lowenstein et al. also reviewed
prediction tools for NMSC post-kidney transplantation
(Lowenstein et al. 2017). However, clinical providers cannot
quantify the absolute risk based on the presence or absence
of these risk factors alone or in combination.

Decision tree analysis is a method to classify individu-
als into homogeneous subgroups; it generates a transparent
algorithm in the form of a tree-structure that is intuitive and
easily used clinically (Many other forms of artificial intel-
ligence generate opaque black box algorithms that cannot be
applied clinically) (Leiter et al. 2004; Kurosaki et al. 2012;
Garzotto et al. 2005; Valera et al. 2007). We used the inde-
pendent risk factors that we had initially identified by Cox
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Regression analysis, to enter in to the Decision tree analysis.
These factors were: Caucasian men, age at transplant, BMI,
and not receiving sirolimus after transplant. The decision
tree analysis ranked the risk factors and found optimal cut-
offs to provide the greatest discrimination among subsets.
The optimum age was > 47, and the optimum BMI was <40.
The highest risk group had a 7.4% cumulative incidence
of NMSC and the lowest risk subgroup had a cumulative
incidence of only 0.8%. Many researchers have put a lot
of efforts to formulate regression models for prediction of
NMSC post-transplant (Lowenstein et al. 2017). These pre-
diction models are useful for identifying high-risk patients
but are somewhat complicated to use at the bedside because
they require calculations to be performed. Our prediction
model is used simply by incorporating basic patients’ data
into the decision tree and following the flowchart. These pre-
diction models based on factors easily accessible in routine
clinical settings help physicians identify the high-, inter-
mediate- or low-risk individuals and use this stratification
to modify surveillance, care and immune suppression, and
educate the individual about their specific risk, even since
pre-LT.

Sirolimus use was shown to protect patients from getting
NMSC in our study to some extent (but not from getting
SCC, presumably due to lack of decent sample size in that
sub-analysis). This finding is in keeping with many studies
showing reduced risk of de novo malignancy in recipients
that use the mammalian target of rapamycin (mTOR) instead
of a calcineurin inhibitor (CNI) for immune suppression.
Data from multiple studies have been synthesized in sev-
eral meta-analyses: the meta-analysis by Knoll et al. showed
that mTOR use reduced NMSC rates in transplant recipients
(Knoll et al. 2014), that by Kauffman et al. showed mTOR
inhibitors were associated with reduced de novo malig-
nancy across the board, including NMSC in kidney recipi-
ents (Kauffman et al. 2005) and the meta-analysis by Liang
et al. showed reduce de novo malignancy in LT recipients
(Liang et al. 2012). However, this topic is controversial, and
some studies did not show a protective effect of mTOR on
NMSC. There were no actual data in our dataset regarding
the reasons why sirolimus was introduced to those respective
recipients, either. Never-the-less our decision tree analysis
identified mTOR inhibitor use as one of the 5 most impor-
tant variables that predict the risk of NMSC. Results from
clinical trials comparing CNI to mTOR suggest that patients
at high risk for skin cancer derive the greatest benefit from
changing to an mTOR early, before they have developed
multiple lesions (Geissler 2015). Our results support using
an mTOR but in addition, the decision tree can help practi-
tioners identify the high risk patients.

We also identified lower BMI as a risk factor for NMSC.
This is in keeping with studies of non-transplant patients
that showed that obesity protected against the development

of NMSC (Pothiawala et al. 2012; Tang et al. 2013), possibly
because obesity is associated with less sun exposure (Rigel
2008; Trost et al. 2002).

Patients with history of alcohol consumption, as the
underlying etiology of liver disease, were reported to have
higher risk in developing NMSC after transplantation (Bel-
lamy et al. 2001; Modaresi Esfeh et al. 2012), although it
was not observed in our current study, presumably because
the UNOS STAR file did not include actual daily amount,
frequency or length of alcohol consumption prior to LT.

The decision tree analysis provides practitioners with a
simple and easy to use tool to accurately stratify and quan-
tify risk of NMSC in liver transplant recipients. Patients at
high risk can potentially be managed differently. Current
guidelines recommend that SOT recipients have annual
skin exam surveillance for NMSC (McCaughan and Vajdic
2013). However high risk patients could potentially be con-
sidered for more frequent surveillance or additional inter-
ventions, such as retinoid chemoprophylaxis, or changes in
intensity or type of immune suppression (Kim et al. 2016).
In addition, this result also could be utilized in enrolling
patients at high risk in interventional studies to prove safety
and efficacy and lack of harm. Further research is warranted
in this topic. Those with the predictive index less than 3.0
could have less frequent surveillance based on its high sensi-
tivity and negative predictive value, however even our lowest
risk group, with 124 cases/100,000 person-years have an age
adjusted incidence of NMSC that is four times more than
would be expected in the general population (38 cases per
100,000 person-years) (Tejera-Vaquerizo et al. 2016). Thus,
even the low risk group should be followed according to
current guidelines, with annual skin examinations for cancer
surveillance at this point.

The decision tree model showed that patients with high-
risk for de novo NMSC had 7.4% of the development, and
3.1-5.5% in patients with intermediate-risk during the fol-
low up period, however, the Kaplan Meier analysis showed
that 10 and 20 years cumulative development rate were much
higher than those. This is mainly based on the nature of
decision tree analysis (this is not a probability model to rep-
resent times-to-event), and the analysis was conducted by the
population with median follow up period of 6.7 years. Thus,
it probably is reasonable to see much higher rate of NMSC
in later post-transplant years. In addition, the patient with
Caucasian race who were <47 years old had lowest devel-
opment rate of NMSC amongst the Intermediate risk group.
It could be argued that the higher rate of the development
rate of NMSC in High- and the rest of the Intermediate-
risk group was associated with their getting older during
the study period, which should increase the risk of NMSC.

A limitation of our study is that model building (deriva-
tion) and validation sets were not from entirely independ-
ent cohorts. However, the model building and validation
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sets were randomly derived a priori, with no patients
overlapping in the two sets, and the sets had identical
distribution of variables: with no statistical differences in
any of the variables in the model building and validation
sets. A second limitation is that the decision tree analysis
was performed using retrospectively and voluntary col-
lected registry- based database (UNOS STAR file), which
originally is not designed specifically to track cancer inci-
dence. We were not able to assess pre-existing NMSC as a
potential risk factor (Lowenstein et al. 2017) because the
data was obtained only in approximately 10% of the cases
(n=11,916). Also we were not able to evaluate smoking
history or human papilloma virus (Chockalingam et al.
2015; Euvrard et al. 2003) as the UNOS STAR file do
not include such information. We could not control for
intensity of immunosuppression over time or be certain
of how long patients who were discharged on sirolimus
remained on it either. In addition, it did not allow us to
accurately identify those who died of NMSC or who lost
follow up. A third limitation is that the OPTN does not
collect data on everolimus use at discharge. Some subjects
who were not using sirolimus may have received everoli-
mus. If we assume that both mTOR inhibitors (everolimus
and sirolimus) have similar antineoplastic properties, then
those on everolimus would have been protected, but would
have been analyzed in the non-sirolimus group. This would
weaken the signal of the protective effect of mTOR inhibi-
tors, but would certainly not invalidate the observation that
sirolimus protects against developing NMSC.

In conclusion, our study confirms the importance of the
known risk factors of Caucasian race, older age, and male
gender as risk factors, but identifies the new variables of
sirolimus and obesity (both protective) in establishing an
individual’s risk of getting NMSC. We have confirmed
those with very high risk of developing NMSC after liver
transplantation. However, even the lowest risk group has
4 times the risk of the general population. Annual surveil-
lance for skin cancer seems to be an appropriate minimum
recommendation for all post-LT patients including the
lowest risk group, but the highest group might need more
frequent surveillance. We have used decision tree analysis
to derive simple and easy to use tool to accurately stratify
and quantify risk of NMSC post-LT. It gives specific guid-
ance about age cutoff (>47) and BMI cutoff (Pothiawala
et al. 2012) for optimal risk stratification. This decision
tree could help providers to individualize care of their liver
transplant recipients.
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