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About this Webinar

A useful and flexible statistical learning method for
modeling and prediction of recurrent event data

 Main references:

* Liu, X,, and Pan, R. (2020), "Analysis of Large Heterogeneous Repairable System
Reliability Data with Static System Attributes and Dynamic Sensor
Measurement in Big Data Environment”, Technometrics, 62, 206-222.

« Liu, X., and Pan, R. (2021), "Boost-R: Gradient Boosting for Recurrent Event
Data", Journal of Quality Technology, Special Issue-Artificial Intelligence &
Statistics for Quality Technology, 53, 545-565.

« Code is available

Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)
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Motivating Example: Oil and Gas Well Failure Data

@ A modified data set from a multinational oil and natural gas service
company which provides predictive well maintenance service.

e Failure data, system attributes, and sensor measurement for 8232 oil and
Y, gas wells in California.

xiao.liu@isye.gatech.edu 2026
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Static Well Attributes

e A number of 8 well attributes, x| ~ xg, are available for reliability

analysis.

» well size, nominal operating settings/conditions, geo-locations, etc.

» heterogeneity and subpopulations
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Figure: Standardized values of 1 ~ x¢
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Static Well Attributes (Geo—locations)

o Covariates, x7 and xs,
respectively specify the
latitude and longitude of
each well.

@ Neighboring wells share
common (unobserved)
environmental conditions
such as temperature and
humidity variation, soil
type, contamination, etc.

@ Spatial trend

xiao.lin@isye.gatech.edu
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Figure: Spatial locations of a total number of
8232 systems (the legend shows the average

annual failures for each system)
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Static Well Attributes (Geo—locations)

o Covariates, x7 and xs,
respectively specify the
latitude and longitude of
each well.

@ Neighboring wells share
common (unobserved)
environmental conditions
such as temperature and
humidity variation, soil
type, contamination, etc.

@ Spatial trend
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Figure: Estimated Mean Cumulative Function
(MCF) for systems over four geo-regions

[Nelson(1995)]
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Dynamic Sensor Measurement

@ Seven dynamic sensor measurement of system working conditions:
» 21(t) ~ 25(t): dynamic torque and load measurement including gear
torque, load range, etc.

standardized vale

standardized value

Figure: Sensor measurement in terms of

» 25(t) ~ 2z7(t): monitored gearbox and structural stress.
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Introduction

e Advances of sensing and IoT technologies are re-shaping the
landscape of statistical reliability modeling and analysis.
e For a large fleet of heterogenecous repairable systems:

» failure/repair times

System 1
£ £8——»
System 2
£3 >
System 3
5 >
System N

Recurrence Data

xiao.lin@isye.gatech.edu 2026 8 /52
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Introduction

e Advances of sensing and IoT technologies are re-shaping the
landscape of statistical reliability modeling and analysis.
e For a large fleet of heterogenecous repairable systems:
» failure/repair times
» a set of static and dynamic covariates
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Introduction

e Advances of sensing and IoT technologies are re-shaping the
landscape of statistical reliability modeling and analysis.
e For a large fleet of heterogenecous repairable systems:
» failure/repair times
» a set of static and dynamic covariates

Static covariates ~ Dynamic covariates
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Introduction

e Advances of sensing and IoT technologies are re-shaping the
landscape of statistical reliability modeling and analysis.
e For a large fleet of heterogenecous repairable systems:
» failure/repair times
» a set of static and dynamic covariates
e Static covariates: system attributes

» nominal working conditions, geo-locations, etc.
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Introduction

Advances of sensing and IoT technologies are re-shaping the
landscape of statistical reliability modeling and analysis.

For a large fleet of heterogeneous repairable systems:

» failure/repair times
» a set of static and dynamic covariates

Static covariates: system attributes

» nominal working conditions, geo-locations, etc.

Dynamic covariates: multi-channel sensor measurement of system
operating and environmental conditions.

» sometimes referred to as the SOE data [Meeker and Hong(2014)],
representing a key trend of modern reliability analysis in the age of
Big Data.

xiao.lin@isye.gatech.edu 2026 11 /52
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Recurrence Data from Interdisciplinary Domains

Event Data

Subject 1 3 88 time
Subject 2 03 time
Subject 3 228
time
Subject n $5¢4 £3 £3
time

$£3 :occurrence of some events of interest

Examples of events of interest from interdisciplinary domains:

Cyber-attack and fraudulent activities, Natural disasters,
Extreme weather events, Engineering system failures,
Disease occurrence, Traffic accidents, etc.

Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)

2026

Heterogeneous Feature Information

* Static subject attributes

(disaster and weather): geo-locations, topography, land use, ...
(healthcare): Age, gender, family history, diet, ...

(cyber security): geo-locations, nationalities, hackers’
attributes,...

(transportation): highway id, road width, number of lanes, ...
(engineering): dimension, nominal operating parameters, ...
(online retail): Season, age, gender, location, holidays, ...

Y YW

YV V

Dynamic signals

(disaster and weather): station measurements, radar data, ...
(healthcare): ECG signals, monitored pressure, cholesterol, ...
(cyber security): internet traffic, ...

(transportation): traffic volume, precipitation, weather, ...
(engineering): load, stress, rotational speed, ...

(online retail): economic trends, price fluctuations, ...

YYVYVYVYY

Unstructured information

(disaster and weather): images/text on social media, ...
(healthcare): patient record (unstructured) text, ...
(cyber security): geopolitics events, voice/text on social media, ...
(transportation): images/text on social media, ...
(engineering): expert opinion, engineering knowledge, ...
(online retail): social media data, government regulations, ...

YYVYVYYY
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Analysis of Recurrence Data

e Nonparametric graphical methods for estimating the Mean
Cumulative Function (MCF)
[Nelson(1995), Meeker and Escobar(1998)].

» flexible and widely used in practice.
» how can one model the complex relationship between failure
processes and covariates?

xiao.lin@isye.gatech.edu 2026 13 /52
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Analysis of Recurrence Data

e Nonparametric graphical methods for estimating the Mean
Cumulative Function (MCF)

[Nelson(1995), Meeker and Escobar(1998)].

» flexible and widely used in practice.

» how can one model the complex relationship between failure
processes and covariates?

e Parametric models based on point and counting processes
[Xie(1991), Fleming and Harrington(1991), Anderson et al.(1993),
Meeker and Escobar(1998). Rigdon and Basu(2000)].

» Nonhomogeneous Poisson Process (NHPP), renewal process,
piecewise exponential model, modulated power law process,
bounded intensity model, as well as their variations
[Pulcini(2001), Pan and Rigdon(2009), Yang, et al.(2012),
Ye, et al.(2013b), Mittman, et al.(2018)].

xiao.lin@isye.gatech.edu 2026 13 /52
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Challenges

e Some fundamental challenges arise in the modern Big Data
analytics environment.
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Challenges

e Some fundamental challenges arise in the modern Big Data
analytics environment.
e Heterogeneity. Impossible to ignore individual heterogeneity in
analyzing large recurrence data
[Ye, et al.(2013), Mittman, et al.(2018)].
» Subpopulations exist due to individual attributes.
» Different operating and environmental conditions.
» Different dependence structure between event processes and

covariates.
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Challenges

e Some fundamental challenges arise in the modern Big Data
analytics environment.

e Heterogeneity. Impossible to ignore individual heterogeneity in
analyzing large recurrence data
[Ye, et al.(2013), Mittman, et al.(2018)].
» Subpopulations exist due to individual attributes.
» Different operating and environmental conditions.
» Different dependence structure between event processes and
covariates.
e Model Specification. Difficult to force and validate any parametric
or semi-parametric assumptions.
» Interactions and nonlinear effects of covariates.
» Both the effects of covariates and the parametric link between
failure processes and covariates may vary across subpopulations.
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Challenges (cont.)

e Model Complexity and Interpretability. Many of these covariates
are redundant from either the statistical modeling or domain
knowledge perspectives, although an increasingly larger number of
covariates has been made available.

xiao.lin@isye.gatech.edu 2026 15 / 52
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Challenges (cont.)

e Model Complexity and Interpretability. Many of these covariates
are redundant from either the statistical modeling or domain
knowledge perspectives, although an increasingly larger number of
covariates has been made available.

@ The Issue of “Data Locality”. The ways data are stored on
modern Big Data infrastructure affects how statistical data
analysis can be performed efficiently.
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“Data Locality”

in the Age of Big Data

Data preparation: ! Worker node with
loading, cleaning, 1 local data sets
% fransformation, aggregation, | Parallelized (data blocks) 1%
sampling, etc. 1 algorithms
| Worker node with
% Stalisti’cal 1 Driver/Master local data sets
y
Ql —_ :::jf}::%::::dd | node (data blocks) 1%
on data files |
Data files on 1
% local storage I N
Output from AN Worker node with
| worker nodes local data scts
Distributed I based on (data blocks) 1%
data storage Repeat the process 1 focal data
when needed I
Traditional Statistical Data Analysis Statistical Analysis in Big Data Environment
(Data > Algorithm) (Algorithm > Data)

@ The large data are stored on distributed storage systems, such as the
Hadoop Distributed File System, as a common practice in industry
today.

e Reliability, Scalability, Efficiency, Security.

xiao.lin@ gatech.edu 2026 16 /52
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“Data Locality” in the Age of Big Data

Data preparation:

loading, cleaning,
transformation, aggregation,
sampling, etc.

Statistical

Data files on
local storage

S

Distributed

data storage Repeat the process
when needed

Traditional Statistical Data Analysis
(Data 2 Algorithm)

e Algorithm — Data

| modeling and
—
E analysis based

on data files

Worker node with
local data sets

(data blocks) 1%
Worker node with

local data sets
(data blocks) 1%

Parallelized
algorithms

Driver/Master
node

\
Output from ™ Worker node with
worker nodes |

based local data sets
ased on
local dara (data bIDqu) 1%

Statistical Analysis in Big Data Environment
(Algorithm = Data)

» MapReduce programming model, Apache Spark, GPU computing.

Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)
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Tree-Based Methods

@ The work investigates the integration of the modern statistical learning

(i.e., the Random Forests (RF) or Boosting) and classical repairable

system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).

source: https://www.stat.berkeley.edu/ breiman/RandomForests/
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Tree-Based Methods

@ The work investigates the integration of the modern statistical learning
(i.e., the Random Forests (RF) or Boosting) and classical repairable
system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).
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Tree-Based Methods

@ The work investigates the integration of the modern statistical learning
(i.e., the Random Forests (RF) or Boosting) and classical repairable
system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).

e Random Forests (RF): ensembles (forests) from de-correlated base
learners (trees)—one of the most popular ensemble tree methods which
has gained tremendous success in practice [Breiman(2001)].

» Bagging + Random node split

xiao.lin@isye.gatech.edu 2026 19 /52

Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)

Supply Chain and
Logistics Institute



Tree-Based Methods

@ The work investigates the integration of the modern statistical learning
(i.e., the Random Forests (RF) or Boosting) and classical repairable
system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).

e Random Forests (RF): ensembles (forests) from de-correlated base
learners (trees)—one of the most popular ensemble tree methods which
has gained tremendous success in practice [Breiman(2001)].

» Bagging + Random node split

e Boosting Trees: sequentially fitting a sequence of “weaker
learners” in which each tree explains the data variation not
explained by previous trees [Chipman et al.(2010)].
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Tree-Based Methods

@ The work investigates the integration of the modern statistical learning
(i.e., the Random Forests (RF) or Boosting) and classical repairable
system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).

e Random Forests (RF): ensembles (forests) from de-correlated base
learners (trees)—one of the most popular ensemble tree methods which
has gained tremendous success in practice [Breiman(2001)].

» Bagging + Random node split

e Boosting Trees: sequentially fitting a sequence of “weaker

learners” in which each tree explains the data variation not

explained by previous trees [Chipman et al.(2010)].

@ Nonparametric MCF and Parametric NHPP: one of the most successful
statistical methods for analyzing repairable system reliability data (i.e.,
recurrence data) in industry [Nelson(1995), Meeker and Escobar(1998),
Doganaksoy et al.(2006), Zuo, et al.(2012)].

xiao.lin@isye.gatech.edu 2026 19 /52
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Tree-Based Methods

@ The work investigates the integration of the modern statistical learning
(i.e., the Random Forests (RF) or Boosting) and classical repairable
system reliability analysis (i.e., the nonparametric MCF estimator, and
parametric NHPP models).

e Random Forests (RF): ensembles (forests) from de-correlated base
learners (trees)—one of the most popular ensemble tree methods which
has gained tremendous success in practice [Breiman(2001)].

» Bagging + Random node split

e Boosting Trees: sequentially fitting a sequence of “weaker
learners” in which each tree explains the data variation not
explained by previous trees [Chipman et al.(2010)].

@ Nonparametric MCF and Parametric NHPP: one of the most successful
statistical methods for analyzing repairable system reliability data (i.e.,
recurrence data) in industry [Nelson(1995), Meeker and Escobar(1998),
Doganaksoy et al.(2006), Zuo, et al.(2012)].

@ Other tree-based methods for survival data: [Hothorn et al.(2004),
Hothorn et al.(2006), Fan et al.(2006), Fan et al.(2009),

Ishwaran et al.(2008), Chipman et al.(2010), Bou-Hamad(2011)].

xiao.lin@isye.gatech.edu 2026 19 /52
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The Main Idea

e Traditional binary regression tree: T'(x;0) = Zj: il (x € Ry),
where 0 = (Rj,uj)jzl.

xiao.lin@isye.gatech.edu 2026 20 / 52
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The Main Idea

e Traditional binary regression tree: T'(x;0) = Zj: il (x € Ry),
where 0 = (Rj,uj)';:l.

e For recurrent event data, © = (y;, x;, 2;(t)) where
D] =n,x; € RP,y; € R and 2;(t) : [0,00) — RY, a point
process ji;(t) is needed to capture the event recurrence pattern of
the individuals on a tree node j:
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The Main Idea

e Traditional binary regression tree: T'(x;0) = Zj: il (x € Ry),
where 0 = (Rj,uj)';:l.

e For recurrent event data, © = (y;, x;, 2;(t)) where
D] =n,x; € RP,y; € R and 2;(t) : [0,00) — RY, a point
process ji;(t) is needed to capture the event recurrence pattern of
the individuals on a tree node j:

K
fe(@,2(0) = Y T(w.2(1), TeT L
k=1

where T = {T'(x, 2(t)) = fiy(z 2(1))(t)} is the space of the trees,
u(t) : [0,00) = N7 is a counting process, and g is some mapping
that maps (x, 2(t)) to a tree node.

xiao.lin@isye.gatech.edu 2026 20 / 52
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The Main Idea of RF-R

Data

Binary partition of the
(Bootstrap) A

» Tree feature space (population)
Sample
Estimated counting
NG TRG] Ji;(1)  processes
Data
xiao.lin@isye.gatech.edu 2026
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The Main Idea of RF-R

Data

Binary partition of the “Divide”
(BOOtSt rap) = Tree feature space (population)
Sample
Estimated counting “Con que r
NG TRG] Ji;(1)  processes
Data
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The Main Idea of RF-R

+ Heterogeneity

Dma » Model specification

Binary partition of the “Divide”
(BOOtSt rap) = Tree feature space (population)
Sample
Estimated counting “Con que r
Lt Ji;(1)  processes
Data
xiao.lin@isye.gatech.edu 2026 23 / 52
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The Main Idea of RF-R

(Bootstrap)
Sample

(Bootstrap)

Data Sample

(Bootstrap)
Sample

(Bootstrap)
Sample

xiao. lin@isye.

—_—

—_—

—_—

gatech.edu

Tree

Tree

Tree

Tree

Fuln i

Heterogeneity

Model specification

Binary partition of the

Estimated counting
ji,(t)  processes

2026

Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)

“Divide”

feature space (population)

“Conquer”

J—

= Additive-Tree
(“Variance
Reduction”)

J—

Variable selection
“Data Locality”
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The Main Idea of Boost-R

The objective function

n K

minimize Z L(pi(t), i (t)) + Z Q(T™) (2)

=1 k=1

where Q(T®) = ~vD + INS7 | ||@q(t)||3 and 1 is a differentiable
convex function.
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The Main Idea of Boost-R (Gradient Boosting)

e Discretize u;(t) at equally-spaced times {tj}g:l, and let {’uf_,j}?: 1
be the values of 11;(t) at the discrete time points.

o Let {;12(12—1) gzl be the estimates from the first (kK — 1) ensemble
trees.

o Let {wr(a: J L
mdlwdual L

be the prediction generated from the kth tree for

Gradient Boosting

n q D
minimize Z Z I( Wi j ,u,Lj ) + Wy (), ;A +vD + /\ Z |wa,.| |3
i1 | = d=1
(3)
xiao.liu@isye.gatech.edu 2026 26 /52
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The Main Idea of Boost-R (Gradient Boosting)

Gradient Boosting

n

q D
. _ 1
minimize E E Ui g, ;1,53 l)) + Wiz ¢ A+7D + 5)\ E de:.H%
i—1 | =1 d=1

T
~ 1 .
~D {Z’ igs iy )+ iitra) g ghmwfcwi),j A
—_ j‘=l

D

1 ‘

FAD 4 52D fwa, B
d=1

T ~(k—1 —1
where g; ; = 8}1(@71)1(,{1@‘,3‘, »”‘a(-‘,j )) and h; ; = 5“(,\ 1)1(;1,1 j.,,ug? )).
i,]

K !J
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The Main Idea of Boost-R (Gradient Boosting)

Let Id = {Z‘F(.’Iﬁt) = d}
D q 1
minimize Z Z (g.,jwd,j + §(h.J + /\)wij) A+~D
d=1 j=1

V\r?klere gj = Z?eld gb_} al’l(i h,‘,j = Z’lejd hi,?

Let A — oo, the gradient boosting at any tree node is solved by

D
1
minimize Zj (g.:jwd,j + i(h,.:j + }\)wij) dt +~D
d=1
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Numerical Example 1

e A simple example which involves 200 systems.

e For each system, a number of 10 system attributes are respectively
sampled from the unit interval [0, 1].

@ The failure data of system ¢ are simulated from a Homogeneous
Poisson Process (HPP) with the following intensity:

001 f0<mxi1,2i2 <0.5
Ai = <010 if0.5 <@g, mip <1 (7)

0.05 otherwise

e Covariates x3, x4, ..., x19 are purposely made redundant.

xiao.lin@isye.gatech.edu 2026 29 / 52

Supply Chain and
Logistics Institute
Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)



Numerical Example 1: Covariate Selection

e Covariate importance: the average decrease of the OOB prediction
C-index after the values of a particular covariate have been
randomly permuted.
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Figure: Covariate importance for numerical example 1
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@ We re-run the
RF-R algorithm
retaining only
covariates x; and
x9, and visualize

the binary

partition of the
covariate space by

each tree.
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Numerical Example 1: A Closer Look
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Tree Pruning

e Using full-grown trees seldom costs much in terms of model
performance [Hastie et al.(2009)].

» When trees are grown deep, each individual tree usually has low
bias with high variance.

» Bagging effectively reduces the variance of the ensemble estimator

e Control the depth of a tree:

» If the node splitting is based on the log-rank test: stop further
splitting a node if the minimum p-value is larger than a certain
threshold

» Use a larger value of dy in the RF-R algorithm, which is the
minimum number of systems with failures in a node.
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Numerical Example 1: Comparison

e A cross-validation-based comparison study considering the
following methods:

» RF-R: the proposed RF-R approach.

» MCF': the nonparametric estimation for MCF without utilizing any
system attributes.

» MCF-K: For a system in the testing data set, its MCF is estimated
using only the data from its K nearest “neighboring” systems in the
training data sets.

» HPP: MLE assuming HPP with a log-linear intensity function,
log(Ai) = fo +>_4_; %8 and p = 10,
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Numerical Example 1: Comparison

e A cross-validation-based comparison study considering the
following methods:

» RF-R: the proposed RF-R approach.

» MCF': the nonparametric estimation for MCF without utilizing any
system attributes.

» MCF-K: For a system in the testing data set, its MCF is estimated
using only the data from its K nearest “neighboring” systems in the
training data sets.

» HPP: MLE assuming HPP with a log-linear intensity function,
log(Ai) = fo +>_4_; %8 and p = 10,

e We also perform the comparison based on the failure data exactly
simulated from an HPP with the log-linear intensity function:

log(Ai) = Bo + Brwi + Bowi2 (8)
where Jp = 0.01, 31 = 2 and 32 = 0.5.
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Numerical Example 1: Comparison

e A cross-validation-based comparison:

5 - — = 5 S o

g l l ! ° 2 ' o RE
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[ l l | [ l I |
RF.R MCF MCF_K HPP RF.R MCF MCF K HPP
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Figure: Cross-validation-based comparison of the prediction C-index for fou
different approaches. Panel (a) on the left shows the comparison results bas
on the data simulated by (7), and panel (b) on the right shows the results
based on the data simulated by (8)
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Numerical Example 2

@ We consider both static and dynamic covariates.

@ For each system: 10 static covariates randomly sampled from [0, 1], and a
dynamic covariate z(t) simulated from a Brownian motion.

@ The failure times of system ¢ are simulated from a NHPP using the thinning
method [Lewis and Shedler(1979)] with the intensity function:

Ai(t) = exp{Bio0 + Biazi(t)} (9)
and
001 if0<xi1,2i2<05 0.5 if0<wi1,xi2 <0.5
CXp{IBi,o} =010 if05< Ti1,Tiz < 1 ﬂz‘,l =401 if05< Til, Ti2z < 1
0.05 otherwise 0 otherwise
(10)

@ Covariates x3, x4, ..., 219 are purposely made redundant.
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Numerical Example 2: Covariate Selection

e Covariate importance: the average decrease of the OOB prediction
C-index after permuting the values of a particular covariate.
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Figure: Importance of the ten system attributes, measured as the decrease c

the OOB C-index (%), based on the data simulated from (9) and (10)
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Numerical Example 2: A Closer Look
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Figure: Binary partitions of the covariate space by eight randomly chosen
trees from the ensemble forests with 100 trees. The read dash lines indicate
the true classification of failure intensity defined in (9) and (10)

xiao.lin@ gatech.edu 2026 37 /52

Supply Chain and
Logistics Institute
Xiao Liu, ISyE, GT (xiao.liu@isye.gatech.edu)




Numerical Example 2: Comparison

e A cross-validation-based comparison study considering the
following methods:

» RF-R: the proposed RF-R approach.

» MCF": the nonparametric estimation for MCF without utilizing any
system attributes.

» MCF-K: For a system in the testing data set, its MCF is estimated
using only the data from its K nearest “neighboring” systems in the
training data sets.

» NHPP: MLE assuming a NHPP model with the log-linear intensity
fllIlCtiOIl, /\a(t) - eXP{ﬁi,O + Zjﬁ:l /BIJTL} + [i,;,llzi(t)}.
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Numerical Example 2: Comparison

e A cross-validation-based comparison study considering the
following methods:

» RF-R: the proposed RF-R approach.

» MCF": the nonparametric estimation for MCF without utilizing any
system attributes.

» MCF-K: For a system in the testing data set, its MCF is estimated
using only the data from its K nearest “neighboring” systems in the
training data sets.

» NHPP: MLE assuming a NHPP model with the log-linear intensity
fllIlCtiOIl, /\a(t) - eXP{ﬁi,O + Zjﬁ:l /BIJTL} + [i,;,llzi(t)}.

e We also perform the comparison based on the failure data exactly
simulated from a NHPP with the log-linear intensity function:

Ai(t) = exp{Bo + Bixiq + Pazia + Bazi(t)} (11)
where 3y = 1log(0.01), 8; = 2, and 35 = 53 = 0.5.
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Numerical Example 2: Comparison

e A cross-validation-based comparison:
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Figure: Cross-validation-based comparison of the prediction C-index for fou
different approaches. Panel (a) on the left shows the comparison results bas
on the data simulated by (9), and panel (b) on the right shows the results
based on the data simulated by (11)
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Case Study: Oil and Gas Well Failure Data

@ A modified data set from a multinational oil and natural gas service
company which provides predictive well maintenance service.

e Failure data, system attributes, and sensor measurement for 8232 oil and
gas wells installed in the California area.
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Case Study: Static Well Attributes

e A number of 8 covariates, x, ~ xg, are available for reliability

analysis.

» well size, nominal operating settings/conditions, geo-locations, etc.

» heterogeneity
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Figure: Standardized values of 1 ~ x¢
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Case Study: Geo-locations

o Covariates, x7 and xs,
respectively specify the
latitude and longitude of
each well.

@ Neighboring wells share
common (unobserved)
environmental conditions
such as temperature and
humidity variation, soil
type, contamination, etc.

@ Spatial trend

standardized latitude

35

30

25

- 20

- 0.5

standardized longitude

— 0.0

Figure: Spatial locations of a total number of
8232 systems (the legend shows the average

annual failures for each system)
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Case Study: Geo-locations

o Covariates, x7 and xs,
respectively specify the
latitude and longitude of
each well.

@ Neighboring wells share
common (unobserved)
environmental conditions
such as temperature and
humidity variation, soil
type, contamination, etc.

@ Spatial trend

xiao.lin@isye.gatech.edu
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Figure: Estimated Mean Cumulative Function
(MCF) for systems over four geo-regions

[Nelson(1995)]
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Case Study: Dynamic Sensor Measurement

@ Seven dynamic sensor measurement of system working conditions:
» 21(t) ~ 25(t): dynamic torque and load measurement including gear
torque, load range, etc.

standardized vale

standardized value

» 25(t) ~ 2z7(t): monitored gearbox and structural stress.

standardized value

standardized value

1.0 A
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Figure: Sensor measurement in terms of torque, load and stress, z; ~ z7, for
three selected systems: system #1, system #4000, and system #8000.
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Case Study: Covariate Selection
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Figure: The left panel (a) shows the OOB ensemble prediction C-index against the
number of trees in a forest for the first 100 trees, and the right panel (b) shows the
importance of the eight static system attributes measured by the average decrease of
the OOB prediction C-index
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Case Study: A Closer Look

@ We re-run the RF-R algorithm by only
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Figure: Hlustration of the binary partition of the spatial domain from two

trees: tree #1 and tree #59.
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Study: Effects of Dynamic Covariates
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Figure: By ~ 37, on each terminal node of tree #1 and tree #59.

e The Lasso penalty successfully imposes sparsity on the terminal
nodes of a tree.

e The intensity functions of systems from different geo-regions may
have different dependence structures on system operational and

environmental conditions. - .
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Case Study: Effects of Dynamic Covariates
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Case Study: Comparison

e A cross-validation-based comparison study considering the
following methods:

» RF-R: the proposed RF-R approach.

» MCF": the nonparametric estimation for MCF without utilizing any
system attributes.

» MCF-K: For a system in the testing data set, its MCF is estimated
using only the data from its K nearest “neighboring” systems in the
training data sets.

» NHPP: MLE assuming a NHPP model with the log-linear intensity
function.

» Frailty: Gamma Frailty
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Case Study: Comparison
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e The proposed RF-R outperforms.

@ The parametric approach assuming NHPP suffers from the
presence of a large number of redundant covariates.

e We would rather not to use any covariate information than
incorporating a large number of redundant covariates.
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