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Abstract

The challenge of survival prediction is ubiquitous in
medicine, but only a handful of methods are available for sur-
vival prediction based on time-varying data. Here we propose
a novel method for this problem, using a random forest of
survival trees for left-truncated and right-censored data. We
demonstrate the advantage of our method on prediction of
breast cancer and prostate gland cancer risk among healthy
individuals by analyzing routine laboratory measurements,
vital signs and age. We analyze electronic medical records
of 20,317 healthy individuals who underwent routine check-
ups and identified those who later developed cancer. In cross-
validation, our method predicted future prostate and breast
cancers six months before diagnosis with an area under the
ROC curve of 0.62±0.05 and 0.6±0.03 respectively, outper-
forming standard random forest, random survival forest, cox-
regression model, dynamic deep-hit and a single survival tree.
Our work proposes a new framework for survival risk predic-
tion in time-varying data and our results suggest that compu-
tational analysis of data on healthy individuals can improve
the detection of those at risk of future cancer development.

Introduction
In clinical research, survival models are widely employed.
In this work, given a subject’s temporal covariate values, we
wish to develop a model for predicting the subject’s risk of
experiencing a failure event over time, or equivalently, to es-
timate the subject’s survival probability function. In health-
care, the covariates could be clinical measurements such as
vital signs, laboratory measurements and demographics, and
the failure event is a particular medical outcome (death, dis-
ease onset, hospitalization, etc.). The estimation is particu-
larly challenging since for many patients the outcomes are
censored, i.e., they are unknown due to lack of follow-up in-
formation.
In this study, we introduce a method called TVsuRF (Time-
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Varying Survival Random Forest) for survival prediction us-
ing time-varying covariates. Our method relies solely on the
proportional-hazard assumption, as opposed to traditional
survival analysis methods, which make prior assumptions
about the distribution of the data. Our approach combines
survival trees, pseudo-objects and ensemble methods. We
show that each of these three components is essential for the
improvement achieved by our method. Our novel method is
the first to use conditional inference trees in this setting. We
evaluate TVsuRF by predicting the future risk of breast and
prostate cancers in healthy individuals. In contrast to tra-
ditional survival analysis models, where the predicted risk
is modeled as a function of baseline (time-independent) co-
variates, our method uses also values of covariates measured
along time.
Early detection of cancer is crucial for providing appro-
priate care and can improve both prognosis and survival
(Loomans-Kropp and Umar 2019; Adamson and Welch
2019; Wiens et al. 2019; Crosby et al. 2020). Today, screen-
ing tests in the healthy population are used to identify
individuals with cancer and without symptoms, but these
tests are costly, labor-intensive, and suffer from low accu-
racy. The current strategies for early detection of cancer use
screening tests that require substantial resources. For exam-
ple, Serum Prostate-Specific Antigen (PSA) level is used
for detecting Prostate Gland Cancer (PGC). Mammogra-
phy, an X-ray modality, is used for detecting early signs of
Breast Cancer (BC), and clinical breast examination (CBE),
a physical examination is used to recognize abnormalities
in the breast (Bancej et al. 2003). Other approaches to as-
sess cancer risk use models, e.g. Gail’s model (Gail et al.
1989; Banegas et al. 2017), BRCAPRO (Berry et al. 2002),
IBIS (Tyrer, Duffy, and Cuzick 2004) and BOADICEA (Lee
et al. 2019) for BC risk, and the Prostate Cancer Prevention
Trial Risk Calculator (PCPTRC) for PGC risk (Ankerst et al.
2014). These models use a few clinical and genetic parame-
ters, do not use routine laboratory measurements, and have
limited performance (Clendenen et al. 2019). Advanced ge-
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netic methods, including polygenic risk scores, have been
proposed for screening, but they are still not part of clinical
practice (Gourd 2020; Sud, Turnbull, and Houlston 2021).
In recent years, machine learning has improved screening
approaches in two major ways. First, it enhanced exist-
ing screening tests, including mammography analysis (Kim
et al. 2020; McKinney et al. 2020; Akselrod-Ballin et al.
2019), Gail’s model (Stark et al. 2019), and the PGC risk
score (Strobl et al. 2015) by applying better computational
models. Second, a new set of cancer risk prediction tools
was developed based on patients’ historical Electronic Med-
ical Records (EMR) collected over time as part of routine
care. Such models were suggested for lung cancer (Wang
et al. 2019), colorectal cancer (Kinar et al. 2016), and Acute
Myeloid Leukemia (Abelson et al. 2018), among others, but
to the best of our knowledge none of these studies used
clinical measures of apparently healthy individuals, and this
study presents the first risk model that is based on routine
clinical measures proposed for these cancer types.

Related Work
Survival trees for time-varying covariates: (Gordon and
Olshen 1985) introduced the survival tree, a decision tree
where each node contains a survival curve of the correspond-
ing subgroup of individuals. The node-splitting criterion
usually aims to maximize the difference in survival between
the subgroups of the daughter nodes or the within-node ho-
mogeneity. Most of the methods which are based on survival
trees addressed right-censored data and time-independent
covariates (Bou-Hamad, Larocque, and Ben-Ameur 2011b).
Incorporating time-varying covariates in survival trees was
first done by introducing ‘pseudo-objects’ (Bacchetti and
Segal 1995), a concept adopted later in other studies (Huang,
Chen, and Soong 1998; Bou-Hamad, Larocque, and Ben-
Ameur 2011a; Wallace 2014; Fu and Simonoff 2017).
An ensemble of survival trees: Several ensemble meth-
ods for survival tree analysis were suggested for right-
censored data and time-independent covariates (Hothorn
et al. 2006; Bellot and van der Schaar 2018). Random sur-
vival forests (RSF), introduced by (Ishwaran et al. 2008),
combined Breiman’s random forest (RF) (Breiman 2001;
Ishwaran and Kogalur 2007), survival trees and the log-
rank test as the splitting criterion. Another survival trees
ensemble model utilized conditional inference trees, which
employ hypothesis testing to select the splitting covariates
and thresholds and also as a stopping criterion (Hothorn,
Hornik, and Zeileis 2006). In subsequent improvements of
those methods, (Utkin et al. 2019) optimized the weights
of each tree, and (Steingrimsson, Diao, and Strawderman
2019) proposed generalized weighted bootstrap procedures.
There is limited work on ensembles of survival trees in
the time-varying covariates setting. (Sun, Chiou, and Wang
2020) suggested to use for tree-building a splitting criteria
based on time-dependent Receiver Operating Curve (ROC)
and (Wongvibulsin, Wu, and Zeger 2020) proposed an ad-
justed model of RSF.
Time-Varying Survival Prediction Models: Several meth-
ods for survival prediction models using time-dependent co-
variates have been suggested. Joint modeling (Tsiatis and

Davidian 2004) attempts to jointly model the longitudinal
markers and the event time. Landmarking (Van Houwelin-
gen 2007) sets a landmark time point and uses the value
of the time-varying covariate at this point as a time-
independent covariate in an analysis of survival from this
point onwards, for the subset of subjects at risk at this time
point. Cox proportional hazard model (Therneau, Crow-
son, and Atkinson 2017; Andersen and Gill 1982) can uti-
lize these methods in time-varying setting. Recently, new
deep learning techniques for personalized survival predic-
tion were suggested utilizing attention and RNN models
with adjusted loss functions for the survival analysis setting
(Nagpal, Jeanselme, and Dubrawski 2021; Sun et al. 2021;
Jarrett, Yoon, and van der Schaar 2019).

Methods
TVsuRF: We developed a novel method called TVsuRF
(time-varying survival random forest) for risk prediction. It
is trained on multivariate time series data and employs a
random forest of survival trees for left-truncated and right-
censored intervals generated by pseudo-objecting of the
data. Given query data of a new individual, the method pre-
dicts the individual’s risk for failure event for different time
horizons.
To describe the method, we start with some notation. Con-
sider data of N individuals, where for each of them data
from one or more records is available. Individual i had M i

records at times ti1 < . . . < tiMi . The d covariates mea-
sured at time tij are denoted by the vector xi(tij) (For sim-
plicity, we assume that all covariates were measured in every
record). Note that covariates can be either time-dependent or
time-independent. Hence, Xi = (xi(ti1), . . . , x

i(tiMi)) sum-
marizes the longitudinal data of individual i. The last time
point individual i was at risk, which can be either failure or
censoring time, is τ i > tiMi . δi ∈ {0, 1} denotes if the in-
dividual experienced a censoring (δi = 0) or failure event
(δi = 1) at time τ i. Hence, the full data can be summarized
by the set of triplets D = (Xi, τ i, δi)

N

i=1 (Figure 1[A](i)).
Denote by Xi(t) the data of individual i that was measured
until time t, i.e., Xi(t) = {xi(tij) : 0 ≤ tij ≤ t}. We assume
time homogeneity so that w.l.o.g. we can shift times per in-
dividual to set ∀i : ti1 = 0, i.e., all first records were at time
0 (Figure 1[A](ii)). We also assume that the age of the indi-
vidual at each record is one of the covariates.
Our model aims to estimate the probability for being free of
the failure event at least until time t based on the individ-
ual’s covariates at the latest record before that time. That is,
let ti∗ = max{tij < t|j}. We wish to estimate the survival
function:

S
(
t|xi(ti∗)

)
= P

(
τ i > t|xi(ti∗)

)
In order to model the time-dependent covariates where there
are multiple records from different time per subject, we
transform the data into pseudo-objects (Bacchetti and Segal
1995). We split the data of each individual into disjoint
intervals [tij , t

i
j+1) and we assume that the covariates xi(tj)

are constant in the interval (Figure 1[A](iii)). In that manner,
we consider tj as the left-truncation time. If [tij , t

i
j+1) is
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Figure 1: [A] Transforming longitudinal data of multiple visits. (i)Longitudinal measurements and survival analysis setting.
Squares indicate the times of the measurements, Crosses indicate failure events, and circles indicate censoring events. (ii) The
data after shifting all first visit times to 0. (iii)The same data after transforming into pseudo-objects. [B] Model construction
and evaluation. (i)For each individual we transformed its data into pseudo-objects and changed the time axis to time from first
visit. (ii)A single survival tree. (iii) Generating 500 survival trees. (iv)The trees are combined into a single unified model. Risk
score calculation for a new sample is the averaged survival curve of the leaves it corresponds to in all trees.

not the last interval of individual i then we view time tij+1

as censoring time. We denote the pseudo-object of the jth

interval of individual i as [Li
j , R

i
j) where Li

j = tij and

Ri
j =

{
tij+1 if 1 ≤ j < M i

τ i otherwise

δij =

{
0 if 1 ≤ j < M i

δi , otherwise
Hence, the transformation is:

(
Xi, τ i, δi

)
→{(

ti1, t
i
2, δ

i
1, x

i(ti1)
)
,
(
ti2, t

i
3, δ

i
2, x

i(ti2
)
, . . .

}
={(

Li
1, R

i
1, δ

i
1, x

i(ti1)
)
,
(
Li
2, R

i
2, δ

i
2, x

i(ti2
)
, . . .

}
The standard Kaplan-Meier (KM) estimator of the survival
function can now be generalized for left-truncated and
right-censored (LTRC) data (Klein and Moeschberger
2003), as follows. Assume that there were D failure events
and they occurred at distinct times t1 < . . . < tD. We
denote by Yj the number of pseudo-objects at risk at time

tj , Yj =
∑N

i=1

∑Mi

k=1(L
k
i ≤ tj ≤ Rk

i ) i.e., the number
of individuals who entered the study before time tj and
did not experience a failure or censoring event until tj · dj
is defined as the number of individuals that experienced
a failure event at time tj and due to our prior assumption
dj = 1. The KM estimator is defined as a step function with

jumps at observed failure times:

Ŝ(t) =


1 if t < t1∏

tj≤t

[
1− dj

Yj

]
Otherwise

The probability of an individual whose record was obtained
at time tij to be free of a failure event in the next time win-
dow of size ∆t, is P

(
τ i > tij +∆t|xi(t

i
j)
)
.

Survival tree construction: We now describe the construc-
tion of the survival tree for the data (Figure 1[B](iii)). Given
data D =

{(
Xi, τ i, δi

)}N

i=1
as described above, we trans-

form D to pseudo-objects, and wish to build a binary deci-
sion tree such that the two subgroups corresponding to the
children of each node will have survival functions that are as
different as possible. We use the framework of conditional
inference trees (Hothorn, Hornik, and Zeileis 2006), which
employs a statistical hypothesis test in order to split nodes.
This process is different from common decision tree con-
struction, where usually an information measure (e.g., Gini
or entropy) is used.
A covariate and a threshold value at a node split the node’s
samples into two subsets, and each subset induces a survival
curve. To compare the survival curves of the two subsets we
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use Pan’s permutations-based hypothesis test (Pan 1998), as
suggested also in (Fu and Simonoff 2017). In every node,
we test all possible covariates and thresholds, and the one
that produces the split with the lowest p-value is selected.
The hypothesis test is based on creating an influence func-
tion that maps an object’s quadruplet (Li, Ri, δi, xi) into a
scalar Ui that represents the contribution of sample i to the
test statistic. Ui is based on the maximum likelihood estima-
tor under the proportional hazard assumption, and one can
use the sum of Uj-s for the samples in a node to test the
null hypothesis that there is no difference between the sur-
vival functions of the populations of the two nodes. This test
is equivalent to the log-rank test. Notice that pseudo-objects
created from the same individual can end in distinct sub-
nodes. Now let U1, . . . , UN be the scores of the samples cor-
responding to the parent node and suppose n samples reside
in the left child and N−n in the right. Write X =

∑
left Uj .

There are
(
N
n

)
ways of choosing n out of the N scores and

if k of these have a sum ≤ X , then assuming all partitions
are equi-probable, the probability of obtaining a score ≤ X
is Pvalue = k/

(
N
n

)
. We estimate k using 1000 permutations.

The survival function Ŝl(t) for node l is the KM curve for
the samples corresponding to that node. Let Cl be the set on
indices of samples in node l, then:

Ŝl =
∏

i∈Cl:ti≤t

(
1− dl(ti)

Yl(ti)

)
Where dl(ti) is the number of failure events that occurred at
time ti in node l and Yl(ti) is the total number of objects at
risk just before ti in node l.
Ensemble Model: We create M = 500 survival trees. In
each tree, at each internal node, we select at random K =√
#Features of the features and split the node according to

the feature and threshold giving the least p-value for no dif-
ference in survival, if that difference is significant. The pre-
dicted survival curve for a new sample ω is computed based
on the data in all the leaves that ω ended in all the trees. Let
C(lki ) represent the set of indices of the samples that are in
the ith leaf of the kth tree and let CF = ∪

{
C(lki )|ω ∈ lki

}
be the multiset of all the samples in these leaves. If di(ti)
is the number of failure events in CF at time ti and Yi(ti)
is the number of samples in CF in risk at time ti, then the
survival function of ω is (Figure 1[B](iv)):

Ŝl =
∏

i∈{CF }:ti≤t

(
1− di(ti)

Yi(ti)

)
This gives the risk score of individual ω over time. The al-
gorithm is summarized in Algorithm 1 and Algorithm 2.
Variable Importance: We assessed the importance of each
covariate in our model in two ways. First, we computed the
fraction of internal nodes in all trees for which the covari-
ate was used to split the node. We call this fraction Vprop;
higher Vprop indicates more importance. Second, for each
covariate, we replaced its values in the data by random val-
ues sampled independently from its original distribution,
while keeping the other covariates in their true values, and
recomputed the performance with the modified data. The

Algorithm 1: BuildTree (D,K)
Input: Survival data set D = {(Li

j , R
i
j , δ

i
j , x

i(Li
j)}ni ,

parameter K

1: randomFeatures← random subset of K features
2: minP − V alue←∞
3: minFeature← NULL
4: for feature in randomFeatures do
5: featureUniqueV alues ← all the unique values of

the feature
6: for val in featureUniqueV alues do
7: Dl,Dr = induced sub-datasets from D based on

(val, feature)
8: P − value← LogRankScore(Dl,Dr)
9: if P − value < minP − V alue then

10: minP − value← P − value
11: minFeature← feature
12: featureV al ← val
13: end if
14: end for
15: end for
16: if minP − value > 0.05 then
17: break
18: else
19: BuildTree(Dl,K)
20: BuildTree(Dr,K)
21: end if

Algorithm 2: TVsuRF (D,K,M )
Input: Survival data set D = {(Li

j , R
i
j , δ

i
j , x

i(Li
j)}ni ,

number of features per node K, number of trees M

1: H ← ∅
2: for m = 1 to M do
3: hm ← BuildTree(D,K)
4: H ← H ∪ {hm}
5: end for
6: return H

difference between the AUROC on the original and the mod-
ified data was computed for ten random assignments on ev-
ery fold of the 4-fold cross-validation as done in (Ishwaran
et al. 2008). We repeated this process 20 times and defined
VIMP as the mean difference obtained. Again, higher VIMP
indicates more importance.
Computational Complexity: To compute the complexity of
TVsuRF, assume covariate values are integers and that lo-
grank p-value can be computed in O(1) using a lookup ta-
ble. Let N be the number of observations (pseudo objects),
k the total number of covariates, K the number of covari-
ates considered for splitting per tree, and M the number of
trees. For constructing a survival tree, per each node, we
will need to sort all the covariates that are considered. We
can perform this operation only once for the full data, in
time O(kN logN). Using the sorted data, for the construc-
tion of a survival tree, per each node we need to examine the
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best split of the K covariates, which will takeO(KN). As a
tree can have at most N + 1 nodes, the overall construction
of a tree will take O(KN2). As we construct M trees the
overall complexity is O(MKN2) + O(kN logN) which is
O(MkN2).

Data
Cohort: We analyzed data from routine checkups of indi-
viduals at the Tel-Aviv Sourasky Medical Center. The in-
dividuals enrolled in a large screening program (the medi-
cal center’s executive health program), and their checkups
were typically scheduled three months in advance, without
regard to any special medical condition and were performed
mostly due to an employer-provided benefit. Enrollees were
asked to arrive only if they felt healthy, and postpone if they
felt sick. Participants were men and non-pregnant women
with no active current malignant or infectious disease and
signed an informed consent form. All subjects underwent
the same medical evaluation in each visit, which includes
a comprehensive medical review of their medical history, a
complete physical examination, blood and urine tests, vital
signs measurements, a respiratory function test, etc.. Some
individuals had multiple visits over several years. We con-
ducted a retrospective analysis of the EMR data collected
between November 2001 and February 2017. Our study cov-
ered 20,317 adults (age ≥ 18). The study was reviewed and
approved by the Institutional Review Board (Approval no.
02-049). We identified the individuals who later developed
cancer using the National Cancer Registry (NCR) and ap-
plied certain inclusion and exclusion criteria (Appendix A).
There are no links between these data and the hospitalization
data in the EMR system at the medical center. An evaluation
of the clinical utility of our model was carried out on a sub-
set of our cohort that underwent standard BC screening tests
(CBE and mammography) and PGC screening tests (PSA).
Covariates Selection: We used only covariates that were
available for more than 80% of the individuals. The miss-
ing values were imputed by Predictive-Mean-Matching on
age (Little 1988) using the mice package (Van Buuren and
Groothuis-Oudshoorn 2011). For BC risk prediction we
used 20 covariates (Appendix B) that include demographic
parameters such as age and body mass index (BMI), along
with Complete Blood Count (CBC), since BC is a systemic
disease that affects the immune system, and its progression
is expected to be reflected in the CBC results. For PGC risk
prediction, we added 28 covariates that include the Basic
Metabolic Panel (BMP), Lipids, Vital Signs, and more (Ap-
pendix C).

Results
Evaluation Approach: We tested several models that can
predict BC and PGC risk on our cohorts. We denote the co-
variates of individual i that were measured at time t as xi(t),
where t = 0 is the time of the first record of the individual.
We aimed to predict cancer at time t+∆t, for values of ∆t
ranging between 183 and 730 days. Since there might be a
delay between the cancer diagnosis time and the time it was
reported to the cancer registry, we added ε = 31 days to ∆t.

The risk for individual i is thus 1 − Ŝ(t + ∆t + ε|xi(t))

where Ŝ is the predicted survival function (Figure 1[B](iv)).
To evaluate the performance of risk predictors in classifi-
cation, we calculated the area under the receiver operator
characteristic curve (AUROC), where the positive class is
the set of individuals who were diagnosed with cancer dur-
ing the next ∆t + ε days as suggested in (Blanche, Kattan,
and Gerds 2019), but excluding pseudo-objects censored in
that period. We also estimated the area under the precision-
recall curve (AUPR). We performed 20 iterations of 4-fold
cross-validation, where in each iteration the partition of in-
dividuals into folds was done at random but keeping all
pseudo-objects of a subject in the same fold. This is aimed
to simulate a real-world situation, where after each visit to
the screening center a prediction can be made. For each of
the above measures, we calculated the average and standard
deviation.
We tested TVsuRF and five other models: (1) Cox regression
model adapted to time-varying covariates (Therneau, Crow-
son, and Atkinson 2017; Andersen and Gill 1982). (2) A
single LTRC survival tree as in (Fu and Simonoff 2017) (de-
noted LTRCIT), (3) RF model (Breiman 2001). Since RF is
a classification model, training for prediction was done sep-
arately for each time interval ∆t, and the class of an individ-
ual was positive if the diagnosis of cancer occurred during
the next ∆t + ε days, and negative otherwise. We used 500
trees, and the ‘Gini’ index as a splitting rule, with the rest
of the parameters at the default values in the ranger pack-
age (Wright and Ziegler 2015). (4) A random survival forest
(RSF) model that predicts a survival curve per sample. Since
RSF was originally designed for handling time-independent
covariates, we adapted it to our setting. (5) The dynamic
deep-hit model, which incorporates longitudinal data to pre-
dict a survival curve (Lee, Yoon, and Van Der Schaar 2019).
The hyperparameters of the model such as the coefficients,
the activation functions, and the number of hidden layers
and nodes of each subnetwork were determined using a grid
search over predefined ranges of possible values (See Ap-
pendix D).
Predicting Breast Cancer Risk: Our cohort contained data
on 6,424 women with a total of 11,831 visits. Out of those,
77 were diagnosed with BC and had one or more visits less
than 730 days before the diagnosis date (90 visits in total;
this group was denoted as the BC group). Further details are
in Appendix B.
The performance of each of the methods tested, for differ-
ent time intervals, is summarized in Figures 2A and 2B. We
also marked the AUROC of Gail’s breast cancer risk esti-
mation for 5 years horizon as reported in (Clendenen et al.
2019). TVsuRF had the highest AUPR on every time inter-
val, and the highest AUROC on all intervals except for 730
days, where Gail’s score was best. We also tested two ver-
sions of RSF, and our model was better for time windows
until 273 days in terms of AUPR and AUROC (Appendix
E). See Appendix F re the increasing values of AUPR.
Appendix G summarizes the importance of variables in
TVsuRF BC risk prediction model for a time window of
183 days. The variables mean corpuscular volume (MCV),
monocytes (MONO), mean platelet volume (MPV), mean
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Figure 2: [A] AUROC (mean±SD) of five BC prediction models for different time intervals. The dashed line represents the
(time-independent) AUROC for Gail’s Risk model (Clendenen et al. 2019).[B] AUPR (mean±SD). #Pts. is the average number
of BC individuals that were available across the cross-validation folds for each time interval. [C,D] PGC risk prediction, the
dashed line represents the (time-independent) AUROC for PCPTRC model(Ankerst et al. 2014)

corpuscular hemoglobin concentration (MCHC) and age
were most important in the model. The importance of im-
mune system-related covariates such as MONO might re-
flect the fact BC is an inflammatory and systemic disease.
For the clinical impact of our model, we evaluated its perfor-
mance on a subgroup who underwent standard BC screen-
ing tests (CBE and mammography).Note that the results are
not directly comparable, as mammography and CBE iden-
tify current malignancy and TVsuRF computes future dis-
ease risk. Our model achieved 18% sensitivity and 94%
specificity for BC subjects with normal CBE (N=1,975).
Our model was 60% sensitive and 68% specific for BC
subjects with normal mammography results (N=504). The
method also gave very high-risk scores to several women
who tested negative and later developed BC. Remarkably,
the three women with the highest risk score estimated by
our model were not detected by CBE, and one of them tested
negative in mammography as well (Appendix H).
Predicting Prostate Gland Cancer Risk: This cohort con-
sisted of 11,416 males who made a total of 24,567 visits.
Out of them 56 were subsequently diagnosed with PGC and
had 64 visits less than 730 days before the PGC diagnosis.
We call this group the PGC group. Further details are in Ap-
pendix C.
Figures 2C and 2D show the results of five prediction meth-
ods, using the same comparison metrics used for BC. Our
model had the highest AUROC in the prediction window
0-183 days and close to best performance for intermediate

size time windows. For windows of 547 days and longer,
RF had the highest AUROC. In terms of AUPR, our model
performed best until 547 days and the advantage was sig-
nificant in the windows of up to 273 days. See Appendix F
re the increasing values of AUPR. When testing variants of
RSF, TVsuRF had better performance for 0-183 days, but
less for longer time windows (Appendix E).
Appendix G summarizes the importance of the variables
used by TVsuRF in PGC risk prediction, for the 183-day
window. The covariates alkaline phosphatase (ALP), low-
density lipoprotein (LDL), age, calcium, and glucose had the
largest impact on the model. Most of the lipids - LDL, high-
density lipoprotein (HDL), cholesterol and triglycerides -
had high importance risk according to at least one criterion,
in agreement with previous reports(Tewari et al. 2014). We
evaluated the clinical impact of TVsuRF on a subgroup of
1,918 subjects with normal PSA levels, and TVsuRF showed
40% sensitivity and 84% specificity.

Discussion
In this study we introduced a new method for survival pre-
diction based on time-varying covariates utilizing an en-
semble of survival trees, and applied it for predicting a fu-
ture emergence of BC and PGC. Our approach disposes of
the time-independence assumption of the established RSF
model (Ishwaran et al. 2008). Unlike traditional survival
analysis methods, which use prior assumptions concerning
the distribution of the data (LeBlanc and Crowley 1993), our
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method relies only on the proportional-hazard assumption.
The same data was collected to all the subjects in our cohort
and since it did not depend on the subject’s medical con-
dition, we could avoid ubiquitous hidden confounders that
stem from the physician’s choice of data to be collected for
each patient, and identify real cancer risk among apparently
healthy subjects. Our results could enable population cancer
screening at a low cost, before ad-hoc expensive and labor-
intensive tests are performed.
Our study has several methodological limitations. First, we
do not directly address the issue of size imbalance between
the negative (here, the majority) and positive classes, as done
by methods such as synthetic minority sampling ((Afrin
et al. 2018). That could affect the splitting criteria and pro-
duce nodes with a small number of samples or nodes without
failure events. Second, the limited cohort size made it diffi-
cult to evaluate the calibration of our model and extend it for
competing risks (e.g. death). Moreover, the small number of
records per individual did not allow us to use time-related
features (Kinar et al. 2016; Karnes et al. 2018), feature in-
teractions (Hayashi et al. 2017), or to model per-individual
random effects across pseudo-objects. Future work should
investigate dynamic models that incorporate the full history
into the risk prediction (Lee, Yoon, and Van Der Schaar
2019). Additionally, we used the Predictive-Mean-Matching
imputation method (Little 1988), which was shown to be ef-
fective in analyzing EMR data (Beaulieu-Jones et al. 2018).
Further work should examine the effect of additional im-
putation methods on model performance (Che et al. 2018).
Furthermore, to handle settings with a large feature space
(both in terms of number of features and in terms of possi-
ble values per feature), future works should investigate the
effect of selecting a subset of possible thresholds evaluated
for splitting a feature randomly, as proposed by (Ishwaran
et al. 2008). Additionally, since our data did not include all
the input parameters of existing cancer risk scores (Gail’s
model for BC, and PCRTRC model for PGC), we could not
compare performance to them per individual. Moreover, the
study was limited to a single medical center and two cancer
types. We are currently expanding the study to additional
cohorts from other screening centers to overcome these lim-
itations. Finally, a prospective clinical trial would provide
a more accurate evaluation of the performance and clinical
utility.
By combining survival trees, pseudo-objects, and ensem-
ble methods, TVsuRF achieves better performance. Each of
these parts improves the final outcome. The advantage of
survival trees was illustrated by comparing them to RF; the
advantage of using pseudo-objects in TVsuRF was demon-
strated by comparing it with standard RSF models; and the
advantage of ensemble methods was shown by comparing
to a single survival tree. TVsuRF also performed better than
dynamic deep-hit models, which incorporate longitudinal
data to predict a survival curve. This may be due to the rel-
atively small size of the dataset and to its low dimension.
Furthermore, TVsuRF outperformed traditional prediction
methods in BC and for short-term prediction also in PGC,
and demonstrated the potential of using common labora-
tory tests of apparently healthy individuals to assess cancer

risk. Such predictions can serve as additional screening tests,
complementing current screening methods.
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Appendices
A Study Details

Cancer Registry: Participants who later developed cancer
were identified (using their national IDs) in the National
Cancer Registry (NCR), which records all cancer cases in
the country. NCR contains for each case the cancer type
(ICD9 code) and diagnosis date, and we used all cancer di-
agnoses until January 1st, 2016 which we considered as the
end time of our study. Figure 4 shows the number of individ-
uals in the cohort with each cancer type. We focused on the
two most common cancer types per sex: BC for females and
PGC for males and used relevant ICD-10 codes (BC:C50.1-
50.6, C50.8-50.9 and PGC: C61.9). Individuals who had a
different type of cancer prior to diagnosis of BC or PGC
were excluded.
Inclusion criteria: All individuals who had birth, sex, and
visit dates documented were included (number of individu-
als np = 20, 271, number of visits nv = 50, 497). Of those,
individuals with cancer diagnosis according to NCR were
identified (np = 1, 547, nv = 3, 999), along with their can-
cer type (Figure 3).
Cases: Females whose cancer type was BC (np = 293,
nv = 730) or males whose cancer type was PGC (np = 182,
nv = 566). Controls: Individuals who did not have any can-
cer diagnosis (np = 18, 724, nv = 46, 498).
Exclusion criteria: Our analysis was based on data from
single visits, so exclusion was done per individual and visit.
Cases: Individuals whose cancer diagnosis date was before
their first visit (BC: np = 94, nv = 223, PGC: np = 39,
nv = 127). Visits that occurred after the cancer diagnosis
date (BC: nv = 87, PGC: nv = 107). Visits where more
than 50% of the covariates were missing (BC: nv = 44,
PGC: nv = 39). Visits that occurred > 730 days before the
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Figure 3: Study design. The bold number is the number of visits; the number of individuals appears in parentheses.

cancer diagnosis date (BC: np = 122, nv = 286, PGC:
np = 84, nv = 229). Controls: Visits where more than
50% of the covariates were missing (np = 113 individuals
and nv = 6, 040 visits excluded). Visits that occurred after
the last day of reports in NCR (np = 934, nv = 4, 214).
We split the cancer-free group into male (np = 11, 360,
nv = 24, 503), and female (np = 6, 347, nv = 11, 741)
subgroups. A cohort of age-matched individuals was created
by using the matchit package50 with default parameters.

Figure 4: The number of patients per cancer type. A bar plot
of the number of individuals who were surveyed in the Cen-
ter and later diagnosed with cancer, categorized by sex and
type of cancer.

B Breast Cancer Cohort
The covariates that were included in the model were CBC
(18 parameters), age and BMI. The statistics of these covari-

ates are summarized in Table 1.
Women in the positive group were significantly older on
average than in the BC-free group and had significantly
lower levels of mean corpuscular hemoglobin concentration
(MCHC). To reduce the effect of age on our model, we cre-
ated an age-matched cohort (‘Matched BC-Free’) of 3,635
individuals (5,884 visits). When comparing the BC and the
Matched BC-free group (Table 1) none of the parameters
was significantly different between the groups.

C Prostate Gland Cancer Cohort

The covariates included in the model were CBC (20 pa-
rameters), basic metabolic panel data (BMP, 16 parameters),
lipids (4 parameters), vital signs (5 parameters), urine tests
(2 parameters), troponin, age and BMI. The characteristics
of the covariates are summarized in Table 3. Since PGC in-
dividuals were significantly older than the PGC-free indi-
viduals, to reduce the effect of age on our model, we created
an age-matched cohort (‘Matched PGC-Free’) of 3,320 in-
dividuals (6,083 visits) as done for BC. None of the covari-
ates showed significant difference between the PGC and the
Matched PGC-Free groups.

D Hyperparameter Optimization

For the hyperparameter search in the Dynamic-DeepHit
model, we used a grid search (Table 2. The hyperparame-
ter combinations were evaluated on each fold in the cross-
validation and the average performance was computed.
ReLU function was used as an activation function with 100
nodes and 2 layers in the RNN and tanh was used in the fully
connected component with 100 nodes and 2 layers. In bold
are the parameters that were chosen for the BC model and
in italics are the parameters that were chosen for the PGC
model. We used Adam Optimizer.
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BC BC-Free Matched BC-Free BC vs.
BC-
Free

BC vs.
Matched
BC-
Free

Parameter V N Mean±STD V N Mean±STD V N Mean±STD MW MW
Baso (%) 90 77 0.63±0.33 11,739 6,347 0.58±0.29 5,883 3,635 0.59±0.3 1 1
Eos (%) 90 77 2.61±1.73 11,738 6,347 2.5±1.84 5,882 3,635 2.54±1.78 1 1
Hmt (%) 90 77 39.06±2.62 11,741 6,347 38.59±2.81 5,884 3,635 38.88±2.86 1 1

Hgb (g/dL) 90 77 13.2±0.96 11,740 6,347 13.15±0.96 5,883 3,635 13.24±0.96 1 1
Lym (%) 90 77 30.71±8.26 11,739 6,347 30.75±7.17 5,883 3,635 30.99±7.2 1 1

Lym (K/µL) 90 77 2.13±0.76 11,734 6,347 2.04±0.57 5,880 3,635 2.01±0.56 1 1
MCH (pg) 90 77 29.8±2.27 11,740 6,347 29.95±2.04 5,884 3,635 30.04±2.06 1 1

MCHC(g/dL) 90 77 33.85±0.86 11,740 6,347 34.11±0.98 5,884 3,635 34.08±1.05 0.05 0.16
MCV (fl) 90 77 87.99±5.62 11,741 6,347 87.75±5.06 5,884 3,635 88.1±5.09 1 1
Mono (%) 90 77 6.88±1.45 11,739 6,347 6.97±1.91 5,883 3,635 7.12±1.71 1 1

Mono (K/µL) 90 77 0.48±0.16 11,734 6,347 0.46±0.15 5,880 3,635 0.46±0.13 1 1
MPV (fl) 87 74 9.19±0.97 11,312 6,234 9.01±1.07 5,688 3,559 9.01±1.08 1 1

Neu (K/µL) 90 77 4.23±1.42 11,734 6,347 4.06±1.37 5,880 3,635 3.95±1.33 1 0.74
RBC (M/µL) 90 77 4.45±0.35 11,740 6,347 4.4±0.34 5,883 3,635 4.42±0.35 1 1

Neu (%) 90 77 59.16±8.63 11,739 6,347 59.21±8.17 5,883 3,635 58.75±8.16 1 1
PLT (K/µL) 90 77 262.7±53.0 11,740 6,347 263.2±61.6 5,884 3,635 261.4±61.3 1 1
RDW (%) 90 77 13.42±1.26 11,741 6,347 13.25±1.06 5,884 3,635 13.29±1.02 1 1

WBC (K/µL) 90 77 7.07±1.84 11,741 6,347 6.77±1.7 5,884 3,635 6.63±1.66 1 0.38
BMI (kg/m2) 83 71 25.9±4.74 11,273 6,057 25.45±4.72 5,574 3,445 26.23±4.63 1 1
Age (Years) 90 77 53.46±7.97 11,741 6,347 47.16±10.56 5,884 3,635 53.2±7.66 < 0.001 1

Table 1: Characteristics of the BC, BC-free and Matched BC-free groups.Values are mean±SD. MW: p-value of the
Mann–Whitney test. All p-values were Bonferroni corrected for multiple hypotheses. Baso – basophils; EOS – eosinophils;
Hmt – hematocrit, Hgb- hemoglobin; Lym – lymphocytes; MCH- mean corpuscular hemoglobin; MCHC- mean corpuscular
hemoglobin concentration; MCV - mean corpuscular volume; Mono-monocytes; MPV- mean platelet volume; Neu – neu-
trophils; RBC – red blood cells; PLT – platelets; RDW - red cell distribution width; WBC – white blood Cells; BMI - body
mass index. V- number of visits, N-number of individuals

Parameter Set
RNN architecture LSTM,GRU
Dropout 0.4, 0.6, 0.8
Learning rate 10−3, 10−4,10−5 ,10−6

Mini-batch size 32,64,128
α 0.1, 1, 3 ,5
β 0.1, 1 ,3 ,5
α 0.1, 1, 3 ,5

Table 2: Hyperparameter values tested in Dynamic-DeepHit
model.

E Results of RSF Variants

Two versions of RSF were applied: Each Visit: All pseudo-
intervals were used. First Visit: Every visit creates an inter-
val starting at the visit time and ending at the time of failure
or censoring of the subject. In the two versions, all pseudo-
intervals were linearly shifted to start at time t = 0 since the
RSF models are time independent. Figure 5 summarizes the
results.

Figure 5: A comparison of TVsuRF to random survival for-
est. X-axis labels are the average number of patients with
cases that were available across the cross-validation folds for
each time interval. [A,B] BC risk prediction. [A] AUROC.
The dashed line represents the (time-independent) AUROC
reported for the Gail’s model (Clendenen et al. 2019). [B]
AUPR. [C,D] PGC risk prediction. The dashed line repre-
sents the PCPTRC model(Ankerst et al. 2014)

F AUPR Trends
The AUPR scores of all algorithms tend to grow with the
prediction horizon (Figure 2B,D). This can be explained
by the rise in the baseline AUPR. Recall that the expected
AUPR when using a baseline random classifier is the pro-
portion of the positive class in the data. As we evaluate the
models over growing time horizons, the proportion of the
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Figure 6: Variable importance for model prediction in the 183-day window. Points indicate the different variables. The y-axis
presents VIMP, the decrease in AUROC following random assignment of values to the variable. The x-axis plots Vprop, the
variable’s inclusion frequency in the trees of the model. For both measures higher values indicate more importance. The color
of a point represents the category of the parameter. [A] Variable importance of BC prediction model. features of low importance
(Vprop <0.05 and VIMP<0.5) are not shown [B] Variable importance of PGC prediction model. features of low importance
(Vprop<0.025 and VIMP<1.5) are not shown.

positive class increases with increasing time-horizons, since
additional cancer cases are detected, and therefore the base-
line AUPR grows.

G Variable Importance
Variable importance for model prediction in the 183-day
window is presented in Figure 6.

H Comparison to Subjects With CBE and
Mammography Tests

Some of the participants underwent BC screening tests
during the visits. Mammography was available for 6,526
women and Clinical Breast Exam (CBE) was available for
17,958. We excluded women with mutated BRCA genes,
those who refused to conduct a CBE, lacked ID, had more
than one record per visit or were diagnosed with another
type of cancer. We removed all the visits that occurred less
than 31 days after the previous one. We excluded all subjects
with two or more types of cancer unless the only other type
was skin cancer. In case of more than one BC diagnosis we
considered only the first one (see Figure 3 for study design).
The result of the mammography was provided in free text
written by the physician and transformed by us into binary
labels (normal / abnormal) by natural language processing
of the physician’s notes. We classify each subject who was
recommended to conduct any BC-related follow-up test as
positive (abnormal mammography). The extraction of the
recommendation from the physician’s notes was done us-
ing a pattern detection script. All phrases after an action
verb, such as ‘is required’; ‘recommend’; were extracted
and a dictionary of words that indicate BC follow-up test
(ultrasound, biopsy, trucut etc.) was created. We manually

reviewed the mammography results and added more action
verbs and recommendations in several iterations. Finally, we
randomly sampled and manually reviewed 100 cases to con-
firm the efficacy of our pattern recognition script. The CBE
result was available as free text written by a physician and
four binary values that represent an abnormal finding in the
left/right breast or axilla. We considered the CBE result ab-
normal if one of the binary values was positive. If no values
were reported, a BC surgeon reviewed the physician’s text
and determined if there was a positive finding. We compared
the recommendations that were done by these screening tests
to the results of the 730-day predictor, computed using data
only from the latest visit, in order to evaluate the added value
of our approach. We binned the risk scores into deciles and
the average risk score was calculated for each subject. CBE
had 29.1% sensitivity and 93.7% specificity and 5.1% posi-
tive predictive value (PPV), while TVsuRF had 12.5% sen-
sitivity and 2.3% PPV for the same specificity. Mammogra-
phy sensitivity, specificity and PPV were 58.3%, 66.1% and
2.7%, respectively, and TVsuRF had 41.7% sensitivity and
1.3% PPV for similar specificity. (Note that the results are
not directly comparable, as mammography and CBE iden-
tify current malignancy and TVsuRF computes future dis-
ease risk.) The results in Figure 8 show the three predictions
for women who were subsequently diagnosed with BC. Re-
markably, the three women with the highest risk score esti-
mated by our model were not detected by CBE, and one of
them tested negative in mammography as well. In contrast,
some of the women had lower risk scores but were detected
by other screening tests.
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Figure 7: The CBE and mammography cohorts. Effect of
exclusion criteria on the members of the study cohort who
conducted a mammography screening test for BC and CBE.

Figure 8: TVsuRF risk score and BC screening tests re-
sults for women who subsequently were diagnosed with BC.
Green: a normal result; Red: an abnormal test; Grey: test
unavailable. 1s line: CBE result, 2nd line: mammography
result; 3rd line: the risk score calculated by the TVsuRF
model. Patients were ordered from high (dark blue) to low
(light blue) risk score. 4th line: time from visit to cancer di-
agnosis.
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PGC PGC-Free Matched PGC-Free PGC vs.
PGC-
Free

PGC vs.
Matched
PGC-
Free

Parameter V N Mean±STD V N Mean±STD V N Mean±STD MW MW
Baso (%) 64 56 0.57±0.26 24,382 11,344 0.54±0.27 6,080 3,320 0.54±0.27 1 1
Eos (%) 64 56 2.51±1.32 24,382 11,344 2.86±1.87 6,080 3,320 2.92±1.86 1 1
Hmt (%) 64 56 43.65±2.8 24,390 11,344 43.73±2.7 6,083 3,320 43.71±2.87 1 1

Hgb (g/dL) 64 56 14.93±0.97 24,390 11,344 14.94±0.94 6,083 3,320 14.9±1 1 1
Lym (%) 64 56 27.52±6.89 24,382 11,344 29.79±6.74 6,080 3,320 28.58±6.78 1 1

Lym (K/µL) 63 55 1.8±0.53 24,369 11,269 1.98±0.56 6,079 3,290 1.93±0.59 0.748 1
MCH (pg) 64 56 30.33±1.67 24,389 11,344 30.17±1.66 6,083 3,320 30.46±1.76 1 1

MCHC (g/dL) 64 56 34.23±0.79 24,389 11,344 34.21±0.89 6,083 3,320 34.13±0.92 1 1
MCV (fl) 64 56 88.57±4.14 24,390 11,344 88.18±4.28 6,083 3,320 89.25±4.46 1 1
Mono (%) 64 56 8.06±1.97 24,382 11,344 7.99±1.8 6,080 3,320 8.21±1.86 1 1

Mono (K/µL) 63 55 0.54±0.17 24,370 11,269 0.53±0.16 6,079 3,290 0.56±0.16 1 1
MPV (fl) 63 55 8.87±1.22 23,498 11,257 8.85±1.02 5,899 3,289 8.84±1.05 1 1

Neu (K/µL) 63 55 4.18±1.37 24,368 11,269 4.01±1.28 6,078 3,290 4.14±1.29 1 1
RBC (M/µL) 64 56 4.93±0.38 24,387 11,344 4.97±0.36 6,083 3,320 4.9±0.38 1 1

Neu (%) 64 56 61.34±8.05 24,382 11,344 58.82±7.52 6,080 3,320 59.75±7.52 1 1
PLT (K/µL) 64 56 244.08±80.53 24,389 11,344 238.68±55.85 6,083 3,320 233.5±55.56 1 1
RDW (%) 64 56 13.34±0.86 24,389 11,344 13.01±0.79 6,083 3,320 13.2±0.84 0.138 1

WBC (K/µL) 64 56 6.71±1.66 24,390 11,344 6.75±1.64 6,083 3,320 6.87±1.67 1 1
Pulse (bpm) 59 53 69.95±14.05 23,053 10,896 68.68±11.86 5,591 3,155 68.14±11.7 1 1

DBP (mmHg) 59 53 81.05±8.26 23,331 10,896 78.66±8.63 5,672 3,155 80.71±8.55 1 1
SBP (mmHg) 59 53 131.44±15.59 23,326 10,896 125.1±14.32 5,671 3,155 131.08±15.48 0.099 1

Spirometry (Score) 56 50 0.34±0.48 22,563 10,716 0.39±0.49 5,435 3,080 0.4±0.49 1 1
Temp (Co) 59 53 36.34±0.33 22,104 10,947 36.35±0.34 5,397 3,184 36.33±0.33 1 1

BUN (mg/dL) 61 55 16.34±3.75 24,056 11,003 15.36±3.67 6,027 3,195 16.37±4.15 1 1
Chloride (mmol/L) 60 54 104.05±2.53 24,015 10,920 103.52±2.42 6,023 3,160 103.64±2.56 1 1
Creatinine(mg/dL) 60 54 1.15±0.12 24,019 10,920 1.14±0.15 6,026 3,160 1.16±0.16 1 1

GGT (U/L) 60 54 27.57±23.54 23,993 10,920 25.07±22.42 6,018 3,160 26.36±22.21 1 1
Glucose (mg/dL) 61 55 100.18±21.96 24,059 11,003 92.58±16.83 6,030 3,195 97.51±19.7 0.002 1

Potassium(mmol/L) 60 54 4.45±0.35 24,019 10,920 4.35±0.37 6,025 3,160 4.37±0.38 0.511 1
Albumin (g/L) 60 54 44.8±2.13 24,014 10,920 45.52±2.32 6,022 3,160 44.82±2.27 1 1
Globulin (g/L) 60 54 27.12±3.67 23,995 10,920 28.12±3.2 6,017 3,160 27.98±3.25 1 1

Phosphorus(mg/dL) 60 54 3.16±0.39 24,012 10,920 3.23±0.44 6,022 3,160 3.16±0.43 1 1
Calcium(mg/dL) 60 54 9.35±0.43 24,011 10,920 9.32±0.42 6,021 3,160 9.27±0.43 1 1

Uric Acid (mg/dL) 60 54 6.19±1.12 23,995 10,920 6.09±1.1 6,016 3,160 6.17±1.14 1 1
Sodium (mmol/L) 60 54 141.82±2.91 24,019 10,920 141.19±2.53 6,025 3,160 141.09±2.58 1 1

Protein (g/L) 60 54 71.92±4.18 24,005 10,920 73.64±3.91 6,020 3,160 72.8±3.89 0.049 1
Bilirubin (µmol/L) 60 54 0.81±0.37 24,014 10,920 0.83±0.37 6,023 3,160 0.81±0.33 1 1

ALP (U/L) 59 53 63.85±17.3 23,214 10,840 64.64±17.54 5,850 3,131 64.48±17.57 1 1
LDH (U/L) 60 54 323.6±44.04 24,013 10,920 317.76±55.91 6,022 3,160 324.77±55.11 1 1

Triglycerides(mg/dL) 63 56 126.63±56.12 24,207 11,260 123.48±73.12 6,044 3,289 127.33±70.01 1 1
HDL (mg/dL) 63 56 47.42±11.16 24,182 11,260 49.81±10.67 6,036 3,289 50.63±11.54 1 0.810
LDL (mg/dL) 63 56 114.54±28.54 24,095 11,260 115.78±29.83 6,023 3,289 113.03±30.3 1 1

Cholesterol (mg/dL) 63 56 188.27±35.1 24,204 11,260 190.14±34.74 6,043 3,289 189.01±35.08 1 1
Troponin (ng/dL) 63 56 4.11±1.04 24,141 11,260 3.94±0.97 6,026 3,289 3.86±0.9 1 1

Urine PH 64 56 6.14±0.89 24,134 11,344 6.13±0.82 6,014 3,320 6.1±0.81 1 1
Urine SG 64 56 1.01±0.01 24,112 11,344 1.01±0.05 6,005 3,320 1.01±0.05 1 1

BMI (kg/m2) 62 54 27.34±3.29 23,543 11,177 26.88±3.74 5,729 3,266 27.74±3.65 1 1
Age (Years) 64 56 59.61±6.33 24,471 11,344 47.13±10.78 6,102 3,320 59.24±5.77 < 0.0001 1

Table 3: Characteristics of the PGC, PGC-free and Matched PGC-free groups.Values are mean±SD. MW: p-value of the
Mann–Whitney test. All p-values were Bonferroni corrected for multiple hypotheses. DBP – diastolic blood pressure; SBP –
systolic blood pressure; Temp – body temperature; BUN - blood urea nitrogen ; GGT - gamma-glutamyl transferase; ALP -
alkaline phosphatase; LDH – lactate dehydrogenase; Urine SG- urine specific gravity; Urine PH – PH stick for urine test.V-
number of visits, N-number of individuals
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