
STE - A Survival Tree Ensemble: Application to the
Prediction of Pipe Failures in Water Supply Systems

Inês Oliveira
ines.m.r.oliveira@tecnico.ulisboa.pt
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Abstract

Drinking water is provided to the majority of urban population through a complex water distribution
system, which is constantly being affected by economic constraints, climate changes, infrastructure dete-
rioration, and even increasing urbanisation and customer demand. Hence, water utilities are challenged
with an increasingly demanding task, and they are being forced to venture in long-term strategies which
direct their efforts in planning and prioritisation of rehabilitation actions. Despite the common reactive
approach in which water utilities base their efforts, the truth is they are recently moving towards a more
proactive approach and using failure prediction strategies in infrastructure asset management. The goal of
this project is to apply some Machine Learning techniques to build prediction models and then to evaluate
their performance when compared to existing approaches such as the one implemented in the Baseform
software.
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Learning, Survival Analysis.

1. Introduction

Managing a water distribution system is a challeng-
ing task, making water utilities more concerned
and focused on applying proactive approaches
which facilitate the process of prioritising critical
zones and pipes of the system. Traditional condi-
tion assessment techniques are often not the most
adequate not only because they are time and re-
source consuming tasks but also because of their
inability in planning in the long-term. The cost as-
sociated with regularly checking all pipes makes
this procedure virtually impossible, aggravated by
the fact that the majority of pipes are buried. As
a result, most water utilities end up using more re-
active approaches despite often being unsustain-
able. The cost and necessity to guarantee service
quality lead most water utilities to move towards a
more proactive approach and scheduled preven-
tive maintenance.

Failure analysis has, therefore, a fundamental
role in Infrastructure Asset Management (IAM).
Failure data has some particular specificities that
distinguish it from other types of data. Such char-
acteristics, combined with the fact that one of the
main interests in these problems is to study the
time to next failure, make survival analysis emerge
as a very appealing technique. Taking advantage
of the latest developments of the field, a machine

learning approach under a survival analysis per-
spective is going to be experimented. The goal of
this work can be summarised as developing ma-
chine learning methodologies for survival analysis,
which are simultaneously able to predict failures
and to help plan and prioritise rehabilitation ac-
tions.

2. Pipe Failure Prediction
Only recently, water utilities have become aware
of the importance of keeping an organised sys-
tem with updated and complete records on both
the network inventory and corresponding failure re-
ports. For the majority of water utilities, failure his-
tory is very limited when compared to the age of
the network itself, and usually contains inaccurate,
estimated and missing data, which largely con-
tribute for a more challenging failure analysis. In
practice, only some variables are actually needed
when collecting the data. Information generally
comes from two different sources: one is the asset
inventory usually from a Geographic Information
System (GIS), and the other one is a failure record
usually from a work order system. Regarding the
asset data, each pipe has to be characterised by
a unique code, installation date, material, diameter
and length. As for the work orders, each record has
to be associated with the ID of the intervened pipe
and the corresponding date of failure. Moreover,
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an association between both sources of informa-
tion can be done resulting in a better characterisa-
tion of each work order and in the possibility to ob-
tain for each pipe additional variables, such as the
number of previous failures, distance between fail-
ures and even its age at the time of the event. As it
was mentioned, several problems in the data con-
tribute to the challenging task of pipe failure pre-
diction. Besides inaccurate and missing records,
common problems involve failure dates prior to the
installation of the corresponding pipes, intervened
assets not present in the inventory or even not reg-
istered in the work order record. Other problems
concern the recent and short history of the main-
tenance actions undertaken in the network and the
unavailability of which assets are still active or not.
If such problems are not corrected or if a careful
verification is not done to the available data, then
this will certainly affect the posterior built models.

2.1. Data Specificities

Other issues can difficult the analysis of failures
in water distribution systems, and they are some
characteristics which distinguish the pipe failure
data from other common data in the field of sur-
vival analysis. The first distinction is the fact that
events are recurrent, i.e. pipes have the possibil-
ity to fail more than once. Generally, the propen-
sity to fail increases with the pipe ageing and with
the more maintenance actions which are executed.
This kind of actions have a limited power when it
comes to extend pipeline life, so their eventual re-
placement will be inevitable in the future. There-
fore, in order to preserve the nature of failure data,
it is fundamental to account for the recurrence of
failures throughout their lifetime. Such character-
istic is usually introduced in the form of a time-
varying covariate. The number of previous failures
is transformed into a variable dependent on time,
which is updated with each new event. The second
distinction is the fact that failure data is usually con-
sidered to be Left-Truncated and Right-Censored
(hereafter denoted by LTRC). It is considered to be
left-truncated since it is generally impossible to de-
termine when and how many failures occurred (if
in fact, any occurred) before the beginning of the
recorded history. For all pipes installed before the
start of the observation period, their past history is
unknown. The right-censored notion occurs when
pipes are followed up during a certain period, and
they have not failed in this time, that is, the elapsed
time without failing is known but not the exact in-
stance of the failure. The event of interest not hap-
pening up to the censoring time is the only thing
available. In this context, such censoring might
happen if for example a pipe is abandoned without
registering any failures during the observation pe-
riod, or if their survival time is larger than the end of

the study (whether or not they have failed before).

2.2. Literature Review
Various approaches have already been proposed
in an attempt to predict water pipe failures and to
create prediction models, leading to significant de-
velopments in the field of IAM. In fact, failure pre-
diction models have been applied to water sys-
tems since late 70s, where models were mainly
deterministic, that is, the response variable (such
as number of failures or time to next failure) was
directly obtained from a function of the covari-
ates. However, in the context of pipe failure predic-
tion, it may be beneficial to take into account the
random nature which characterises pipe failures.
Thus, stochastic models (single-variate and multi-
variate) arise as a much more suitable approach
to model failures in water systems. One of the
most well-known models in the context of multivari-
ate stochastic models is the Proportional Hazard
Model (PHM), proposed by [4], where the hazard
rate can be obtained as a function of time and co-
variates. This model and its extensions are often
used with survival data due to its capability of deal-
ing with censored information. Currently, an ap-
proach suggested by [10] and later improved by
[12], is one of the best in obtaining failure rates and
probability estimations for each pipe along time. It
is called Linear Extended Yule Process (LEYP),
and it is essentially a multivariate counting pro-
cess in which the process rate depends on the
age, previous failures and the available covariates.
Presently, this is one of the models implemented in
Baseform software [1].

Studies involving time-to-event data have been
increasingly using such methods due to their ca-
pability of obtaining simple interpretations of the
effects of each covariate of the data. However,
these methods also present some weaknesses,
and the main one is related to the fact that a spe-
cific relationship between the covariates and the
response has to be forced. More flexible alterna-
tives to these (semi)-parametric approaches are,
therefore, needed. Tree-based methods are pop-
ular non-parametric substitutes. In contrast with
the (semi) parametric models, these methods of-
fer the flexibility to automatically detect interactions
without having to define them beforehand. Even
though these methodologies were initially devel-
oped for categorical or continuous outcomes data,
from the mid-1980s to the mid-1990s, the interest
in using them for censored survival data rapidly
boosted new approaches that took the failure data
specificities into account. A review on these sur-
vival tree methodologies can be found in [2]. Once
the basic survival tree methodology was estab-
lished, research moved in different directions. Over
the last two decades, much of the methodological
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work has concentrated in introducing time-varying
covariates, increasing the predictive power of a sin-
gle tree by means of ensemble methods and ex-
tending the basic survival setup (which involves
only right-censoring) to left-truncation.

3. Survival Trees
During the last years, machine learning techniques
have been very successful in numerous fields,
mainly due to their capacity in modelling non-linear
relationships and due to the quality of the built
models. Therefore, it does not come as a surprise
the fact that there are already machine learning ap-
proaches specifically developed to survival analy-
sis. However, one of the main challenges when
dealing with survival data is the difficulty to work
with censored information. Wang et al. [13] re-
viewed the existing literature on survival analysis
and its recent developments from a machine learn-
ing perspective.

The general formulation of a problem in survival
analysis can be presented for a given instance i,
represented by (Ti, δi,Xi):
• Ti corresponds to the observed event time or

the censored time (in case there is censoring);
• δi ∈ {0, 1}, i.e., δi = 1 for uncensored obser-

vations (and Ti is the event time) and δi = 0 for
censored observations (and Ti is the censored
time);
• Xi ∈ R1×p is the covariates vector.

where the goal is to estimate the time-to-event Tj
for a new observation j with features Xj . No-
tice that to adjust this formulation to a LTRC
problem, it is enough to represent each instance
as (Li, Ri, δi,Xi), where (Li, Ri) are the left-
truncation time and the observed/censored time,
respectively.

In such context, the main challenge of machine
learning methods when handling survival data is
to appropriately deal with censored data and time
estimation of the model. Models such as sur-
vival trees stand out precisely for their capability
in dealing with censored data maintaining the tree
structure. The majority of tree methodologies are
able to handle the most basic setup for survival
outcomes, which corresponds to right-censored
data with time-independent covariates. Fu and Si-
monoff [6] proposed an extension of two popular
tree methods to LTRC data, as well as adding the
capability to deal with time-varying covariate data.
Their strategies are implemented in the R package
LTRCtrees [5]. The first approach, developed by
[7], implements a survival tree, embedded into a
condition inference framework, using the log-rank
score as the splitting method, whereas the second
approach was proposed by [11] and it concerns the
construction of relative risk trees.

Through data reformulation, these algorithms
can be much more versatile than other existing ap-
proaches, simply because they can fit survival data
with time-varying covariates. The key idea is to
take the classical formulation of the problem and
change the representation of instances. Instead
of the classical approach (time, event), the idea
is to have a triplet of the form (start, stop, event)
where start corresponds to the left-truncation time
and stop is the right-censored time. In this work,
start will correspond to the age of the pipe at the
beginning of the study (and it will be zero if it has
not been installed before the start of the study),
and stop will correspond to the age of the pipe at
the time of the failure, or to its age at the end of
the observation period (in case it has never failed
before).
3.1. Conditional Inference Trees
Recursive binary partitioning is a popular tool
nowadays. One of the most popular implementa-
tions includes the CART (Classification and Re-
gression Trees) algorithm proposed by [3]. Typ-
ically, most of these approaches perform an ex-
haustive search over all possible splits maximising
an information measure of node impurity in order to
select the variable to which corresponds the best
split. However, two fundamental problems arise
with such approaches. One of them is overfitting,
and the other one is the existence of bias in the se-
lection procedure of covariates with many possible
splits.

The overfitting problem can be solved through
pruning, which is basically a tree size reduction
technique used in the building process and which
removes sections of the tree that can represent
noisy data. The bias comes from maximising the
splitting criterion over all possible partitions simul-
taneously and has been identified as a problem
over the years.

In [7], a tree method embedded in a condition
inference framework and based on the statistical
properties of the variables is proposed, allowing
these trees to deal with both the overfitting and
the variable selection problems. The main idea
is that the conditional distribution of the statistics
measuring the association between responses and
covariates is the basis for an unbiased selection
among covariates measured at different scales.
Moreover, defining a stopping criteria based on the
non-rejection of a hypothesis of independence be-
tween the response variable and each covariate,
[7] proved that it is possible to obtain models whose
predictive performance is equivalent to the perfor-
mance of optimally pruned trees. These trees are
called conditional inference trees.

The algorithm can be briefly outlined as testing
the null hypothesis of independence between the
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response variable and each covariate. If the null
hypothesis cannot be rejected, stop the algorithm.
Otherwise, the covariate with the strongest associ-
ation to the response variable Y is selected. Then,
the best binary split for this variable is determined
and the data is divided accordingly. These steps
are repeated until the null hypothesis of indepen-
dence cannot be rejected.

The presented independence tests are in fact
fundamental to understand this procedure. The
null hypothesis is tested using a linear test statistic
of the form:

Tj(Ln,w) = vec

(
n∑
i=1

wigj(Xji)h(Yi, (Y1, ...,Yn))T

)
∈ Rpjq

where gj : Xj → Rpj is a non-random transfor-
mation of the covariate Xj , h : Y × Yn → Rq is
the influence function, which may depend on the
responses (Y1, ...,Yn) in a permutation symmetric
way, and the vec operator transforms the pj×q ma-
trix into a pjq column vector by column-wise com-
bination.

For a univariate numeric response Y, the most
natural influence function is the identity (h(Yi) =
Yi). However, when it comes to handling censored
information, other functions can be chosen, such
as the log-rank score. For right-censored infor-
mation, subjects can be represented in the form
of a triple (Ti, δi,Xi), i = 1, ..., n, whilst the re-
sponse variable is Yi = (Ti, δi). Thus, the influence
function for such bivariate response is the log-rank
score, defined as:

h(Yi) = Ui = δi −
rj(t)∑
j=1

δj
n− rj(t) + 1

where rj(t) =
∑n
i=1 I(Ti ≤ Tj) is the number of ob-

servations which had the event, or were censored
before or at time Tj . The main goal of this score
is to assign a univariate value Ui to this bivariate
response Yi = (Ti, δi) in order to allow the algo-
rithm to proceed the same way as in the univari-
ate numeric response case. Hence, extending this
methodology to LTRC data can be done by build-
ing a log-rank score which transforms the response
triple into a scalar.

Having into account that Ŝ(∞) = 0, the authors
in [6] show that the log-rank score for an LTRC ob-
servation is given by:

Ui =

{
1 + log Ŝ(Ri)− log Ŝ(Li), if δi = 1

log Ŝ(Ri)− log Ŝ(Li), if δi = 0

where Ŝ is the non-parametric maximum likelihood
estimator of the survival function.

Each terminal node of this tree displays the fit-
ted Kaplan-Meier curve for the observations which
belong to that node and the median survival time,
which will be used as the predicted response.

Henceforth, the extended LTRC tree, using this
framework, is going to be referred to as LTRCIT
(LTRC tree based on Conditional Inference Trees).
3.2. Relative Risk Trees
In [11], the authors developed a method for obtain-
ing tree-structure relative risk estimates for cen-
sored survival data, based on the assumption of
proportional hazard. Despite adopting most as-
pects of the widely used CART algorithm, the pro-
posed model uses the one-step full likelihood strat-
egy, which has the advantage of being based on
the popular PHM.

For a tree B, the full likelihood of the learning
sample can be expressed as:

L =
∏
h∈B̃

∏
i∈Sh

λh(ti)
δi exp−Λh(ti) (1)

where B̃ is the set of terminal nodes, Sh is the set
of labels {i : xi ∈ Xh} for observations belong-
ing to the region Xh to which corresponds node h,
λh(t) is the hazard function, and Λh(t) is the cu-
mulative hazard function for node h. If the PHM
λh(t) = θhλ0(t) is assumed to be true, where θh is
the non-negative relative risk of node h and λ0(t)
is the baseline hazard, then replacing this term in
Equation 1 gives:

L =
∏
h∈B̃

∏
i∈Sh

(λ0(ti)θh)δi exp−Λ0(ti)θh

where Λ0(t) is the baseline cumulative hazard
function. If this value is known, then the maximum
likelihood estimates of {θh : h ∈ B̃} are simply:

θ̃h =

∑
i∈Sh

δi∑
i∈Sh

Λ0(ti)
.

However, in practice, the cumulative hazard is not
known and therefore has to be estimated. One al-
ternative, proposed by [11], is to use the Nelson-
Aalen estimator for Λ0(t). Each terminal node of
this tree displays the relative risk on that node,
although it is also possible to obtain the Kaplan-
Meier curves on each terminal node, obtaining this
way a comparable response with LTRCIT. This rel-
ative risk is simply given by θ̃h, and it is relative to
the estimated baseline hazard.

A key feature in the proposed algorithm is the
fact that a relative risk tree can be grown using the
CART methodology. In fact, a tree is grown us-
ing recursive partitioning methods, which split the
data and the covariate space into regions that max-
imises the reduction of the node deviance resid-
ual. The splitting procedure continues until a large
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tree is obtained. Lastly, just like is done in CART,
a pruning algorithm is applied in order to find the
optimally pruned subtrees.

The adaptation to LTRC data is executed by
transforming the logarithm of the full likelihood
function presented in Equation 1. Extending the
log-likelihood for right-censored data to data of the
form (Li, Ri, δi,Xi), i = 1, ..., n can be easily done
using:

logL =

n∑
i=1

[δi log λ(Ri)− (Λ(Ri)− Λ(Li))]

=

n∑
i=1

[
δi log λ(Ri)−

∫ Ri

Li

λ(z)dz

]
Fu and Simonoff [6] show that is enough to do such
transformation to extend the survival tree of [11]
to this special data. This extended survival tree is
going to be referred to as LTRCART (LTRC tree
based on CART).

4. Survival Tree Ensemble
The basic idea of ensemble learning methods is to
build prediction models by combining the strengths
of a collection of simpler base learners, also called
weak learners. Even though the presented sur-
vival trees provide valuable predictions and have
proved to appropriately deal with the specificities of
the failure data, the truth is that trees can be very
unstable. In fact, small perturbations in the train-
ing data can produce significant changes in their
predictive function. Ensembles of survival trees
emerge as an attractive approach to handle such
problems.

Published attempts to use ensemble methods in
survival settings is limited due to the difficulties to
deal with censored information. To our knowledge,
there is no publicly ensemble methodology of sur-
vival trees adapted to LTRC data and time-varying
variables. Hence, in this section a new technique
of ensemble of survival trees is proposed, based
on the presented survival trees (LTRCIT and LTR-
CART), which is capable of dealing with those dif-
ficulties. Such method will be called STE (Survival
Tree Ensemble).

The algorithm for this methodology can be writ-
ten as:

1. Define training and test sets according to tem-
poral division.

2. Choose randomly 80% of the pipes from the
training data (and corresponding instances),
and randomly select mtry variables from the
available variables to split the data.

3. Grow a tree for the sampled data set, either
using a LTRCIT tree or a LTRCART tree and,
using the grown tree, predict for the test data.

4. Repeat steps 2 and 3 until ntree trees are
built.

5. For each pipe in the test set, compute an
ensemble response using the available ap-
proaches.

The desired response obtained by each tree
method is the time (in days) until the next failure.
However, obtained responses may be infinite and,
for that reason, a special care has to be taken
when formulating a procedure to combine the re-
sponses obtained from the trees used in the en-
semble. Several options were experimented, but
only two reveal themselves better, either intuitively
and in terms of the predictive performance results.
First Quartile
An approach that immediately stands out is the
minimum predictive response. However, there is
the possibility that this value does not appropri-
ately characterise the history of the correspond-
ing pipes. It could simply be a lucky strike and
considering such value as the final predicted value
could compromise the final accuracy of the model.
Hence, an alternative approach could be using the
first quartile, since instead of considering exactly
the minimum value of the responses, it considers
the middle value between the smallest response
and the median.
Reduced Mean
Let {vi,1, ..., vi,ntree} be the obtained responses for
pipe i by each one of the ntree trees and ŷi be
the final and combined predicted response for pipe
i. The reduced mean also arises as an alterna-
tive to considering the classical mean. The later is
very unstable, especially when infinite values are
allowed. This reformulated mean can be easily de-
fined as ignoring all the infinite values of the pre-
dicted sample for a certain pipe, and calculating
the mean with the remaining values.

ŷi =

∑ntree
j=1 vi,jI(vi,j 6= Inf)∑ntree
j=1 I(vi,j 6= Inf)

where I(vi,j 6= Inf) = 1 if vi,j 6= Inf and I(vi,j 6=
Inf) = 0 if vi,j = Inf. In fact, for a certain pipe,
averaging over the non-infinitive values can give
an idea of how trees, which are capable of obtain-
ing a numerical response, actually behave, without
their expected value being skewed by the infinite
values.

5. Variable Importance
One important question that often arises when do-
ing such analysis is which variables are in fact the
most relevant. Several variable selection methods
are already available and a very popular one, in
the context of random forest, is commonly known
nowadays as VIMP (Variable Importance). It was
initially defined in CART by [3]. The original defini-
tion refers that VIMP corresponds to the increase
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(or decrease) in the prediction error when a vari-
able is permuted while predicting on test data.
Such permutation of variables is called as noising
it up.

It was already shown in the literature that VIMP
can be a very effective approach in various fields.
However, several limitations restrict the ability to
develop a more general methodology based on
such approach. Its dependency on the prediction
error used and its arduous difficulty to define it the-
oretically lead to the search of alternative mea-
sures. It is in this context that maximal subtrees
and minimal depth appear.

Intuitively, the closer the variables are to the root,
the stronger is their effect on the prediction accu-
racy. Similarly, variables which split farther down
the tree, have less impact. Using this idea as a ba-
sis, it is possible to define a structure such that the
importance of variables is obtained through their
positioning in the tree. This idea was formalised by
[8] and it originated the concept of maximal sub-
trees.

Definition 5.1 (Maximal Subtree). For each vari-
able v, Tv is a v-subtree of tree T if the root node of
Tv is split using v. Then, Tv is a maximal v-subtree
if Tv is not a subtree of a larger v-subtree.

As pointed by [9], maximal subtrees permit to
peer inside what can be called as the ”black-box”
of VIMP. In fact, according to the authors, there
are strong reasons suggesting that maximal sub-
trees can be used in addition to, or even instead of
VIMP. The proposed approach assumes that vari-
ables which have a great impact on the prediction
are the ones that most frequently split the nodes
closest to the root, since it is near the root where
trees partition large samples of the data. This is
where the concept of minimal depth arises, which
simply corresponds to the distance between the
root node and the closest maximal v-subtree. That
is, given the depth of the root node of all maximal
v-subtrees, minimal depth is the minimum of those
values.

For a certain variable, minimal depth measures
how an observation travels down the tree until en-
countering the first split on that variable, allowing
to have an idea of its predictiveness. Thus, the
smaller the minimal depth, the greater is its impact
on the prediction, and consequently, the larger is
its relative importance. When it comes to ensem-
ble techniques, the minimal depth approach mea-
sures which risk factors are the most relevant, by
averaging, for each variable, the depth of their first
split over all trees used in the ensemble.

6. Performance Metrics
Due to the presence of censored information, tradi-
tional evaluation metrics are not the most suitable

for measuring the performance of survival models.
Survival analysis requires more specialised mea-
sures which can accommodate its specificities.
The main form of comparison between the built
models and LEYP is based on a score obtained
through the Baseform Failure Prediction App [1].

Currently, LEYP is one of the best approaches
in the field of pipe failure analysis. It was originally
proposed by [10], and it is a multivariate counting
process capable of obtaining a failure rate and a
probability estimation for each individual pipe along
time. Baseform implementation of LEYP is based
on the definition of [12], and allows an arbitrary
number of covariates besides the most usual ones
(diameter and length), as well as, the inclusion of
categorical variables.

A performance measure capable of detecting
which pipes have higher failure risks is, then, pos-
sible to define. To do that, a predictive perfor-
mance curve is built to measure how actual failures
concentrate on pipes with higher expected failure
rates.

Figure 1: Predictive performance curve, where a certain point
(x, y) indicates that rehabilitating x% of the water distribution
system would avoid y% of all observed failures.

It is this kind of curve which allows to define the
Baseform Score (hereafter Score), and despite its
simple designation it is a major model assessment
measure capable of transforming the cumulative
gain curve into a very informative value. The Score
corresponds to the area under the predictive curve,
that is, to the area of the grey region in Figure 1.

Models’ ability to prioritise pipes according to
their likelihood of failure can, in fact, be accom-
plished by comparing the number of failures that
might be avoided by rehabilitating a certain per-
centage of the water network. A good failure pre-
diction model is obtained when rehabilitating only
a small percentage of the system leads to a large
percentage of avoided failures. Hence, such per-
formance metric provides water entities with the
possibility to compare and measure the success
of implemented prioritisation policies. First per-
centiles are therefore the most important ones,
since when planning those policies only a small
percentage of the entire network is considered,
due to limited budgets.

In the software, there are several prioritisation
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strategies available:

• Baseform prediction: pipes are sorted ac-
cording to the estimated failure rate by LEYP;
• Random selection: pipes are randomly

ranked;
• Pipes with most failures: pipes are sorted

according to the number of failures each pipe
had in the previous years;
• Older pipes: pipes are arranged by age, i.e.

pipes with the earliest installation date are pri-
oritised.

Besides these strategies, it is still possible to in-
clude extra numerical variables that allow the as-
sortment (increasing or decreasing) of pipes. This
will be particularly useful to compare these four
approaches with the implemented models in this
work. Therefore, this will be the privileged perfor-
mance measure since it allows the best compari-
son between the experimented models and LEYP.

Other possible measures could be used. The
Brier Score or the Concordance Index are equally
common metrics to evaluate the performance of
survival analysis problems.

7. Exploratory Data Analysis
Before tackling any kind of failure prediction results
and in order to build good prediction models, it is
fundamental to understand what type of data is on
the stand and to comprehend its specificities by
doing a good exploratory data analysis. All data
used was kindly provided by Baseform [1], as well
as the expert knowledge about water distribution
systems essential to this work. Notice that failures
in this sense correspond to the registered work or-
ders during the observation period.
7.1. Dataset A
The first dataset was provided by a large Por-
tuguese utility, and is characterised as follows:
• Number of pipes: 12439
• Total length: 383.14km
• Number of work orders: 15366
• Number of pipes with no failures: 6186

(49.7%)
• Total length of pipes with no failures:

282.22km (73.7%)
• Observation period: 2000/01/08 to

2019/01/24

Some of the available variables for the asset data
(besides the mandatory ones) include the number
of connections (a water service connection corre-
sponds to the service pipe that goes from the public
water main to the service line which enters the cus-
tomer’s property), distance to the nearest railways
(which for this area includes a train and a metro
line), type of road where the pipe is located, soil’s
type, and finally soil pH range and type.

7.2. Dataset B
The second dataset to be analysed was also pro-
vided by Baseform [1]. Immediate distinctions be-
tween the two datasets involve the dimension. The
corresponding network for dataset B is much larger
than the one for dataset A, whereas the observa-
tion period is much smaller. Its characterisation is
given by:
• Number of pipes: 49688
• Total length: 3331.02km
• Number of work orders: 3213
• Number of pipes with no failures: 47383

(95.4%)
• Total length of pipes with no failures:

2912.86km (87.4%)
• Observation period: 2013/03/25 to

2018/12/26

Some of the available variables include again
the number of connections and distance to rail-
ways (and type of railways), as well as other at-
tributes such as depth of the assets and more ge-
ological variables (lithology and permeability). In
contrast with dataset A, there is an indication of
which pipes were already removed, abandoned or
decommissioned. This is an information very well
appreciated, since it allows to evaluate the impact
of having the history of abandoned pipes also avail-
able. Two possible situations emerge to explore,
and they are: (i) remove the abandoned pipes, and
treat the data as in dataset A; or (ii) keep the aban-
doned pipes and extend the explored methods for
this special case.

8. Results and Discussion
This section will now present some results and
findings made during this work. The presented
failure prediction models were fitted to the avail-
able failure data, and then evaluated in terms of
the quality of their predictions. To apply the pro-
posed models, the dataset was divided into training
and test samples according to a temporal division.
The training sample will be composed of all the fail-
ures occurred before a time cut point in all pipes
installed before this date and, analogously, the test
sample will be composed of all failures which oc-
curred after that point in all pipes considered in the
training data. To assess the quality of the obtained
predictions for each method, the Baseform Score
and the cumulative gain curve, as presented in 6,
will be used. This method has the ability not only
to prioritise pipes according to their likelihood of
failure, but also it gives the best means of com-
parison between the experimented models and the
implemented model (LEYP) at Baseform. The re-
sults will be presented for the datasets discussed
in Section 7.
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8.1. Dataset A
Several models were experimented and playing
with different combinations of variables and meth-
ods allowed to obtain the best approach for each
technique presented above. Therefore, a LTRCIT
and LTRCART (whose output is transformed in the
Kaplan-Meier curve) model with the same vari-
ables as LEYP - material as a grouping attribute,
diameter, length, age and number of previous fail-
ures - and the reduced mean for the LTRCIT and
the first quartile for LTRCART ensembles (with
100 trees each) will be compared with the ranking
strategies offered by Baseform Failure Prediction
App [1] (Figure 2).

Immediately looking at Figure 2a, the approach
which prioritises pipes with the most previous fail-
ures stands out for its behaviour. The smaller
Score corroborates the fact that this approach is
worse than sorting pipes randomly. The remaining
strategies (also excluding the random one) seem to
have a similar behaviour from a more ample per-
spective. Examining the first percentiles (Figure
2b), one can see that the older pipes strategy is
one of the worst, while the most previous failures
strategy behaves similarly to the LTRCIT model for
the first percentile.

(a) All percentiles.

(b) Zoom 5%.
Figure 2: Comparison between all the best approaches
(dataset A).

Analysing the minimal depth results obtained by
each model presented above, one obtains Figure
3. Recall that the smaller the minimal depth for a
certain variable, the larger is their importance for
the analysis. Notice that for the ensemble methods
(Figures 3c and 3d), the average minimal depth
for all variables is represented. That is, the val-

ues associated with each variable correspond to
the mean of its minimal depths over the trees, and
the colour scale indicates the number of trees that
variable splits at a certain depth. Also the x-axis
ranges from zero to the maximum number of trees
in which any variable is used for splitting.

(a) LTRCIT.

(b) LTRCART.

(c) LTRCIT ensemble.

(d) LTRCART ensemble.
Figure 3: Minimal Depth for tree-based models for dataset A.

Several conclusions can be drawn from the anal-
ysis of minimal depth, and from Figure 3a, num-
ber of previous failures and length seem to be the
most important variables, since they present the
smallest minimal depth among all variables used.
The same conclusions are drawn from Figure 3b,
despite length overcomes the number of previous
failures. This suggests that length and number of
previous failures are in fact the most relevant to
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explain the occurrence of failures in water distri-
butions systems. As for the ensemble methodol-
ogy, besides the mentioned variables, the number
of connections arises curiously as a relevant vari-
able as well. As for Figure 3d, which corresponds
to the LTRCART ensemble, the material arises as
an important variable, whereas the number of con-
nections appears more down in the ranking.

To better examine how each experimented
model behaves in the first percentiles Table 1 dis-
plays the percentage of avoided failures for fixed
percentages of rehabilitated length:

Table 1: Percentage of avoided failures per percentage of re-
habilitated length.

Rehabilitated Length (%)

Models 0.5 1 2 5

Baseform 11.2% 22.5% 30.9% 48.5%
LTRCIT 5.2% 10.3% 23.5% 40.9%
LTRCART 8.8% 17.5% 23.4% 37.2%
STE LTRCIT 9.7% 19.4% 31.2% 54.5%
STE LTRCART 7.8% 15.5% 25.8% 45.4%

From Table 1, one sees that despite not achiev-
ing the best result for the first two percentiles,
above that the ensemble methods start to yield
very good predictions.
8.2. Dataset B
Results for dataset B can be obtained in a similar
way as for dataset A. For that reason, only the best
found models will be again displayed. Besides the
ranking strategies offered by Baseform software, it
will be compared a LTRCIT and LTRCART models
using all available covariates, and an ensemble for
each type of tree methodology (with 20 trees and
using the first quartile strategy to combine results).
The results will be compared in a dichotomous per-
spective, corresponding to two analyses: A1 refers
to the dataset where deactivated pipes were re-
moved and A2 consists of the dataset where de-
activated pipes are still considered.

(a) A1: All percentiles.
Figure 4: Comparison between all the best approaches
(dataset B).

At first sight, both analyses seem to produce
similar results. The strategy where pipes are
ranked according to age immediately stands out for

(b) A1:Zoom of 5%.

(c) A2: All percentiles.

(d) A2: Zoom of 5%.
Figure 4: Comparison between all the best approaches
(dataset B) - cont.

its predictive performance very similar to the ran-
dom one. The poor estimation of the age for the
assets in this network may explain why such be-
haviour is observed. The strategy where pipes are
ordered according to the number of failures also
produces some mixed results. Even though for the
first percentiles its predictive ability is very close to
other approaches, its behaviour almost resembles
a step function (something similar is actually veri-
fied for dataset A). Regarding the remaining mod-
els, from a global perspective all of them seem to
overtake LEYP in the first half of the rehabilitated
length, whereas this later starts to gain ground, es-
pecially in analysis A2 (Figure 4c). The first per-
centiles allow to take a peek on how these meth-
ods behave in the most crucial percentiles. In Fig-
ure 4b, models such as the LTRCIT, the LTRCART
and the ensemble of relative risk based-trees have
very similar performance curves, while the ensem-
ble of LTRCIT is a little behind and it is not capa-
ble of avoiding that many failures as the referred
models above. Despite that, the global Scores are
much better for the ensemble methodologies than
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for the individual trees and even for the Baseform
model. On the contrary, in Figure 4d, all the models
achieve similar results, while the ensemble of LTR-
CART is the one a little behind. However, its global
Score is the largest for all the displayed models.

Minimal depth results are very similar to both
analyses. Just like it happened for dataset A,
the most relevant variables to the study seem to
be length and number of previous failures. Also
the number of connections is a strong candi-
date, maybe because of its strong correlation with
length. Moreover, age usually appears in the bot-
tom half of the ranking, which can be a conse-
quence of its problematic estimation.
Table 2: Percentage of avoided failures per percentage of re-
habilitated length (dataset B).

A1: Removing abandoned pipes

Rehabilitated Length (%)

Models 0.5 1 2 5

Baseform 3.3% 6.6% 9.6% 21.2%
LTRCIT 7.4% 14.8% 23.9% 34.9%
LTRCART 7.7% 15.5% 21.5% 33.2%
STE LTRCIT 4.0% 8.0% 15.6% 30.7%
STE LTRCART 7.1% 14.1% 24.5% 35.8%

A2: Keeping abandoned pipes

Rehabilitated Length (%)

Models 0.5 1 2 5

Baseform 3.3% 6.6% 9.6% 21.0%
LTRCIT 7.4% 14.7% 23.8% 33.4%
LTRCART 8.4% 16.9% 23.9% 35.5%
STE LTRCIT 8.0% 16.0% 25.0% 36.3%
STE LTRCART 6.2% 12.4% 18.7% 32.5%

The conclusions taken from Table 2 only corrob-
orate the observations already made from Figure
4. In fact, and in contrast to what happened for
dataset A, the proposed models have a largest pre-
dictive ability than LEYP and for the crucial per-
centiles these models are able to avoid more fail-
ures than the already implemented approach.

Comparing both analyses, it seems that their re-
sults yield very similar outcomes. Nevertheless,
for the majority of the results, it was noticed that
when considering all pipes (including the aban-
doned ones) the models were not capable of pri-
oritising pipes in the final percentages of the rank-
ing strategies plots, giving some improvement mar-
gin to LEYP. This is, indeed, surprising since one
would expect that having such information would
benefit the adjusted models.

9. Conclusions
The importance of failure prediction has been es-
tablished throughout this work, regarding either
planning and prioritisation processes. The goal is
to predict the time until next failure and the given
data includes information on the assets and on the

maintenance records undertaken in the network.
Survival analysis is the field of statistics which of-
fers the tools to tackle time-to-event data, and com-
bined with the simplicity and developments in ma-
chine learning turn this into a powerful technique to
apply to failure prediction.

Failure data has some specificities which distin-
guish it from more common types of data, such as
being left-truncated and right-censored and hav-
ing a time-varying covariate (number of previous
failures). Such specificities call for more specific
models as well, which can accommodate them. It
is in this perspective that survival trees arise. An
ensemble approach was also tested, as a way to
combat the potential instability caused by trees and
to improve their predictive performance.

Even though the proposed models were not ca-
pable of overtaking LEYP for all percentiles, in
general they were able to yield very good perfor-
mances being able to avoid a larger number of fail-
ures than the Baseform model for a large part of
the rehabilitated length.
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