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Abstract

The amount of data is growing fast with the advance of data capturing and management
technologies. However, data from different source are often isolated and not ready to be
analyzed together as one data set. The effort of connecting pieces of isolated data into a
unified data set is time consuming and often costly in terms of cognitive load and
programming time. To address this problem, here we proposed an approach using machine
learning to augment human intelligence in the data unification process, especially complex
categorical data value unification. Many aspects of useful information are extracted from
supervised machine learning models, then used to amplify intelligence of human experts in
various aspects of the data unification process. An empirical study is performed applying the
proposed methodology to the field of Asset Performance Management, specifically focus
only on the performance of equipment asset. The experiments show that machine learning
helps experts in the unification standard generation, unified value suggestion, batch data
unification. We conclude that machine learning models contain valuable information that

can facilitate the data unification process.
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General Audience Abstract

The amount and types of data are growing fast with the advance of big data technologies.
However, different sources of data were created isolated and not ready to be used together
for analytics. To make the data analyzable, companies and other organizations often put
work force to manually integrate data, which is time consuming and labor intensive. To
address this problem, we proposed an approach using artificial intelligence to augment
human intelligence in the data integration/unification process. The artificial
intelligence/machine learning program read through data about how a human data integrator
would assign values, link data, and learn from this. Then the “educated” program can make
predictions on what a human data integrator would do when new data come in. This is used
to amplify the intelligence of human experts in various aspects of the data integration
process. As a case study, we applied this proposed methodology to the field of Asset
Performance Management, specifically focusing on the equipment asset data integration.
The artificial intelligence program learns from descriptions of equipment failure provided in
natural languages, for example, English, Chinese or Spanish, then provides automatic data
integration and recommendations to the human experts. We conclude that machine learning

can facilitate the data unification process.
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Chapter 1. Introduction

1.1. Motivation for data unification

This study is motivated by the need of integrating isolated data sources into a unified
data set. Isolated data are data of the same nature but are generated by different
entities or according to varying standards, making them disconnected and appear
distinct. Data from different sources have the potential to benefit organizations in
many ways. For example, historically absent data for one organization may be filled
with similar data from other organizations, and rare disease patient cases can be
consolidated from different medical institutes. However, due to various
discrepancies in data generation and curation process, data from different
organizations or even units within an organization become isolated, preventing them
from being directly analyzed as a unified data set. Thus unifying isolated data is a

critical step toward achieving the full potential of these data.

The isolation of data is manifested across industries and may come from several
sources. For example, in healthcare settings, hospitals use their own medical record
standards, which limits data usage in precision medicine. In manufacturing
industries, companies keep self-defined equipment failure mode codes, which makes
it hard to perform whole-industry, cross-company maintenance strategy analysis.
Across industries, several sources of heterogeneity may contribute to data isolation:

(1) different standards adopted by different organizations; (2) different meanings of



concepts with the same label; (3) Over-generalization of specific concepts that are

originally more expressive and bear richer information.

Data isolation hinders data utilization and sometimes even becomes detrimental to
insight generation. Since data isolation creates many data islands, although the

collective data size is large, they are not analyzable as a unified a data set. Isolated
data effectively make sparser data, and degrading their usefulness in implementing

systems such as recommender systems.

Existing methods to alleviate the data isolation problem is only partially successful,
and are generally labor- and cost-intensive. It was estimated that a large amount of
time (~80%) is spent on data integration [ref?] before actual data analysis. The
reason is largely that manual data unification requires tremendous human expert
time due to the nature of ad hoc analysis in early state of unification. This problem
has become more significant in the era of big data, in which human intelligence
alone could hardly keep up with the generation of data. If an automated software
system can reduce the effort of human data curator, not only can human labor be

saved, but also the process of insight generation be accelerated.



1.2. Problem definition

The goal is to unify N isolated raw data sets. Originally, for a data set k € N, there are Z;,
categorical data fields. Let £ denote the it" data field of data set k, and £, denote the target
unifying field. For M data sets, there exists a field f;' corresponding to f;, and this field may
or may not be with a different value encoding standard. For the rest of the N — M data sets,
no corresponding fields exist for f,. For each data set, a Z,, + 1" field will be added using

prediction by machine learning models and evaluated/confirmed by human domain expert.

1.3. Approaches for data unification

1.3.1. Human Domain Expert

Many data unification tasks need a human domain expert to involve extensive.
Humans still outperform machines when it comes to these domain knowledge-
extensive problems. This is due to many reasons. Notably, many aspects of the data
unification need to process complex concepts, such as understanding of the original
text data, creation of a list of unified categorical values, and judgement on the

quality of data.

First, a complex concept of categorical data is often described in the form of natural
human languages such as English or Chinese. To understand the semantics of the
concept and decide which unified categorical value to assign the data record to needs

understanding of the language. Natural language processing technology is still not



mature enough to extract and compare semantics in a very accurate way, especially

with short texts.

Second, the creation of a list of standard categorical values is a very dynamic
process. A domain expert starts the creation process by proposing possible standard
categories, and during the process, the expert may modify, add, delete, merge or split
certain categories. This iterative decision making process requires expertise human

knowledge.

The veracity of data is another reason that human expert's role is indispensable.
Human knowledge of how the source of data is trustable is needed during the data
unification process. Especially in the human generated data fields. For example,
some original data generator may tend to avoid mental load of find out what exactly
a situation need to map to a list, so tends to select a more general concept from a
drop down list, instead of going through a long list of code that contains more
specific information. This reduced the accuracy of the data. Without a human data
unification operator’s effort this lack of truthfulness in the data may not be found.
Integrating many kinds of data can provide new insight comparing with
investigating only one aspect of a phenomena. For example, Integrating cancer
mutation data, and human genetic variability data can be used to improve the

prediction of cancer related mutation.

1.3.2. Machine intelligence



In data unification process is largely depend on hand labeling and very labor
intensive. Some research is starting to use machine learning to help this process at
scale. In our study, we addressed some not well understand directions and their
application in Asset Performance Management. (1) Generation of unified categorical
value containing complex concepts. (2) Batch unification. (3) Suggestion

confidence for human experts.

1.3.3. The combination of human and machine intelligence

Understanding complex concepts, especially information from natural language is
still a domain that needs human expert and machine does not perform well.
Computer have the ability to extract information from large amount of data and
forward the information to human experts. This can greatly reduce the cognitive load
of human expert and also generate insight of unseen patterns. This study explored
how to utilize machine learning to augment the ability of human expert to process

large amount of data in the data unification setting.

1.4. Outline

This study fist reviewed the related work in data unification and the field of data
integration. Then proposed the framework of utilizing machine learning for data
unification problem. The details of text data machine learning pipeline were

formulated. Then the methodology was applied to an industrial data unification
problem in the field of Asset Performance Management. The experiments show

promising potential of utilizing this strategy in unification standard refinement,



batch data unification, unification quality assessment, and unified value suggestion

for human experts.



Chapter 2. Related works

2.1. Machine learning for data unification and data fusion

The task of collecting isolated data together to build one data set contains many aspects and
are studied in the fields such as Data Curation, Data Integration and Data Fusion. The
unification concept used in this study originated from the work “Unification Theory” [1][2]
where a principle of sematic, equational are framed. By applying this theory to data, a
more specific concept Data Unification was proposed and compared with data fusion [3].
The concepts of data unification and data fusion both used in multiple data problems and
have various definition[3][4][5][6], to make the problem clear, we provided our own
specific definition (Section 1.2). One distinction with a lot of other data integration study is
that, in this research, we study the relationship between values (contained in instances of

the data record), not the relationship between schemas of databases.

Although some studies on Data Curation and Data Integration demonstrate the need to
resolve the value level inconsistency and proposed algorithms to evaluate it, generating a
high quality list of standard value for analytics is not the interest and focus[7][8][9]. One
survey on theory of data fusion touched the topic, which pointed out the need to resolve
value level inconsistency when fusing data[8]. Possible ways to resolve the problem is
summarized, however, those strategy are from database consistency point of view. Due to
the aim , although they utilize algorithms to aggregate and select values through an
automatic way[10] [1][11], the automatic part does not model concept contained in text

data, which is the focus of our machine learning study.



The systematic use of machine leaning to address data integration problem is still in its
infancy [12]. A notable study is done by Stonebraker and colleagues in 2013 on a data
curation system called Tamer. Tamer did use algorithms to help human expert in schema
mapping of data curation. Machine learning was used to find possible matched files in
databases, giving suggestions on similar data. However the use of machine learning in our
study is different. Our machine learning models focus on assisting creating new values in a
unified list, assign new value to the data, and evaluate the unification quality as described in

the next paragraph.

In our unification problem, the unified value can be new categorical value that did not exist
in any original separated data. The end result of our unification is creating an association
between data instance (rows, instead of fields/columns) based on the unified categorical
value. When trying to compare with traditional data curation studies, an analogy which is
closer to our unification problem is the normalization of numerical data. Our fundamental
difference to numerical data normalization is that, numerical value unification only scales
value and the meaning the values represent do not change. While in our categorical data
unification study, we are assigning new value with complex meaning to data, and the
standard value list is dynamically changing. As the system mature, the standard unified

value list become more useful as aguide of domain experts.



2.2. Multiclass short text classification

Text classification techniques are wildly used in machine learning, information retrieval,
data mining fields[13][14][15][16]. In this section, we will describe the general categories of

text classification algorithms.

In terms of what a classification model predict for each data instance, text classification can
be categorized in to several types [13]. These types including hard, soft, ranking, multiple
labels. In a hard version of text classification, only one class label is assigned to each
specific instance of data. In a soft version of text classification, a probability value is
assigned to the instance. In a ranking version, a rank of possible labels is given for each data
instance. In a multiple label version, more than one label can be assign to a single instance of
data. In the data unification problem explored in this study, a mix of these types exists at

different stages of our data unification process.

The most commonly used and well performing generative text classifier are Naive Bayes
classifiers [13] [17]. Its competitive prediction performance keeps researcher’s interest of
using it and developing better predictive models based on Naive Bayes [18][13][19][20][21].
Naive Bayes have a basic assumption that the features are independent of each other.
Although this assumption is rarely true in real world, surprisingly Naive Bayes often achieve
results close to optimal. From the study of Gaussian Naive Bayes, Harry Zhang proves that
no matter how strong the dependences among the features are, Gaussian Naive Bayes can
still achieve optimal prediction performance similar to more complex Bayesian model that

captures dependency, as long as one of the following two conditions met. Either (1) the



dependencies distributes evenly in classes, or (2) the dependences cancel each other out. In
practice, these conditions are not necessary completely met, but we often get very good

performances[17][22][23].

For a lot of text data imbedded in isolated data, the text are very short. Text classification
have been relatively successful when applied to long text like news articles, scholarly
literatures, law documents. However, when applied to short text, like Twitter data, personal
status update, comments, search results, the classifier often achieves poorer precision and
recall [24][25][26]. In our data unification process, the text data used are often short. So this

is one of the challenges for our system.

Unification process in this study takes heterogeneous data as input and outputs categorical
value, which can be thought of a as multiclass classification problem. In machine learning,
multiclass classification are achieved in several ways. Some classification methods can
naturally handle multiclass, some are not. One example of model naturally works for
multiclass is Naive Bayes modes. A Naive Bayes model contains a posterior term P(c|d). It
is the conditional probability of class ¢ given data, where ¢ can be multiple classes. Some
other classifier are binary classifiers, like SVM, which only distinguish between two classes.
For binary classifiers, we can use a One-vs.-rest or One-vs.-one approach to achieve
multiclass classification[27]. A recently KDD CUP challenge project on multiclass
classification based on short text demonstrated that multiclass classification is still a hard

problem and the precision often very low for even the leading models[28].

10



2.3. Data analytics for Asset Performance Management

One of the big challenges and opportunities in reliability data analytics is unifying isolated
data from both internal and outside sources as reported by Meeker and Hong at 2014 [29].
Within the same company, different plants are often operated independently, thus use
different standard for equipment maintenance. Historically each plant may choose their own
standard because of the unique operation procedure, priority, submarket, and analytical
needs. Keeping the uniqueness is sometimes desirable compared with implementing a new
data standard when consider the priority of the individual sub-organization and the cost of
changing. However, the isolated status of the data prevent many promising analytic tasks.
Unifying data from isolated sources to enable complementary use of data fields is one step
toward generating new types of insight. (More related work about Asset Performance

Management is in Section 4.1)
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Chapter 3. System design and methodology

3.1. System overview

In this study, we designed a system to unify isolated data value to a newly created standard
value. The system begins with collecting data from independent data sources (Figure 3.1.
Process 1). The data source are in the same application domain and already schema-matched
prior to our unification system when Process 1 finishes. The unification process begins after

this.

The isolated data then feed to the core of our system, the machine learning based data
unification cycle (shown between process 2 and 6). This cycle takes isolated data as input.
Within the cycle, domain experts and machine learning algorithms interact with the data. At
any given time during the interaction, outside algorithms can access the cycle to get the
current version of unified data (process 3) and the current version of trained models (process

6). The details of this cycle is described in its own section (Section 3.2).

The deployed data unification system can perform several tasks with new data. First, the
trained machine learning model predicts what unified value should be assign to each data
record. Specifically, several most probable unified value are predicted and suggested to the
human domain experts in process 7 and 9. Second, when a field s corresponds to the value to
be unified, the system can group the data by the value of s. Then, for each group, the system

predict a unified value and suggest it to the domain expert at process 8 and 10. With these

12



suggestions, the domain expert can confirm or reject to batch assign unified value to a whole

group. In process 11, the newly arrived data are joined to the larger unified data.

The system benefit both existing data source providers and new data sources providers. For

old data source providers, when their new data record are generated, the system can unify

them very efficiently through the system (processes 4, 7, 8, 9, 10, 11), and insight about new

data can be generated. For new data providers, their data can be quickly de-isolated and can

be compared with other data sources (processes 5, 7, 8, 9, 10. 11).

Data Source 1

Data Source 2

Data Source 4

New Data Source

Figure 3.1. Data unification system overview.

/

Data Source 3 |l/

/

/

@

Isolated Data

Machine

Data
Mining
on
Unified
Data

Learning Based ®
Data Unification
Cycle
G,
Suggested
Deployed Unified Value
Unification System
Batch
Unification

| Unified Data

a

Domain
Expert

An overview of the data unification system design. The system takes isolated data from
various data sources as input, and output the unified data that can be used for data

analytics.
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3.2. Machine learning based data unification cycle

The core of the system is the machine learning based data unification cycle (Figure 3.1 the

cycle after process 2), and its detail is illustrated in Figure 3.2.

The cycle begins with creating a unified value list (process a) by domain expert. The initial
list is the result of exploratory analysis of the isolated data values or based on domain
expertise. The domain expert then examines the isolated data (process 2) and the list
(process b) to create the initial unified data by manual value assignment (process c). Then
the current version of unified data is passed (process d) to model selection pipeline to learn a
model that can predict unified value. Besides being used for prediction (output the model
through process 4), this model captures useful information about the relation between
unified value list and data. One relation is evident in the confusion matrix, which on one
hand can provide insight about the quality of the list and give suggestions about merging,
splitting, adding, or deleting of certain categorical value in the list (process i), and on the
other hand give the expert suggestions about which data records contain manually assigned
value that need to be re-evaluated (processes g and h). The expert then can take advantage of

those suggestions to further refine the unification in following cycles.

During this cycle, human experts are required. This is because that each value in the
standard list need to contain domain specific information to be useful for downstream
analysis, which is rarely achievable solely by machines currently. So in our system we

assume the existence of domain experts to provide domain knowledge and participate in

14



many processes, including processes 9, 10 in Figure3.1. and processes a, ¢, h, i. in Figure

3.2.
Unified Value
Isolated data List
@ Unified Value List
Unified data Domain Expert refinement
i
@ ‘m O (Merge,
Unification i‘\l:;:lc:’
Reconsideration Del !
Model Selection Pipeline Suggestion elete)
® Confusi
Best Calibrated Model > on us.lon
Matrix
Deployed

Unification System

Figure 3.2. Machine Learning Based Data Unification Cycle.

Zoom in to the “Machine Learning Based Data Unification Cycle ” from system overview
(Figure 3.1). This cycle takes data from “Isolated Data’ at process 2 in the system
overview, and output deployed unification system at process 4, and Unified data at process 3
(or process c in the cycle).
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3.3. Automated Model Selection Pipeline

3.3.1. Model Selection Pipeline overview

The machine learning process is achieved in the Model Selection Pipeline (Figure 3.2 after
process d, highlighted with bold black boarder). The details of this pipeline is described in

Figure 3.3, and we will explain the design in this section.

Automatically selecting feature extraction parameters and classification model is one
strategy to insure the adaptability of the system. In the pipeline, we achieved automatic
model selection by a grid search approach (Figure 3.3). At each step on the way, cross

validation was used to ensure generalizability of the model.

The Model selector (on the left of Figure 3.3) is the central organizer of the model selection.
It is responsible for controlling the cycles of search. The selector triggers a new round of
search by splitting the data into a specific number of cross validation data sets and pass the
hyper-parameters to be evaluated. Then the training and scoring are conducted in parallel for
each cross validation data set inside Estimator Pipeline (the parallel process are simplified as
empty boxes named Estimator Pipeline). After each set of parameter search, the model
selector collect all the scores and select the best trained classifier. At the end, the best

classifier is passed to next step (process e in Figure 3.2)

16
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Figure 3.3. Automated Model Selection Pipeline overview.

Zoom in to the “Model Selection Pipeline” from “Data Unification Cycle” (Figure 3.2).
This pipeline takes expert hand labeled unified data at process c in the unification cycle as
input. Used an automated model selection, hyper parameter search, parameter learning to
get the best classifier. Than calibrate the probabilities of the model, also generated a model
from probability to unified value prediction. Then deploy these models as the Unification
prediction model.

3.3.2. Scoring function of the grid search

One key decision to make for a specific grid search problem is which scoring function to
use. The decision depends on the specific aim of the model. Some task needs to focus more
on precision, some on recall, and for a lot of the problems both are taken into consideration.
Model evaluation metrics for multiclass classification are interpreted differently compared
with binary classifications. It is a great challenge for multiclass classification to get a similar
levels of F1 score as binary classification[28], and precision score sometimes are considered

to be a more important for many multiclass classification applications.
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3.3.3. Feature Union Pipelines

Data unification problem may use multiple types of features besides text, so in our machine
learning pipeline we incorporated parallel pipelines to handle input of heterogeneous nature,

for example numerical data, date time data and categorical data.

The reason to implement separate pipelines for different data is that different data types need
different types of prepossessing pipeline, and each pipeline needs to learn its own hyper
parameters. For example, the natural language input can be processed by vectorization, term
frequency-inverse document frequency transformation, phase extraction, named entity
extraction, and associated hyper parameters like smoothing factor, n-gram range, and
maximum document frequency need to be searched. In contrast, numerical data need a
different type of preprocessing, for example scaling. Date time may also need a different
pipeline to extract information such as season, time of the week, or time of the day. A
feature union pipeline abstract the data preprocessing into a single unit, thus enables grid

search and cross validation upon their hyper parameters.

3.3.4. Unification with confidence through probability calibration

When trying to unify isolated data with an automated approach, the confidence about each
prediction/estimation is important for setting a standard for data unification quality. When
companies try to unify equipment maintenance data from different source to improve asset
performance management, a certain level of confidence is desirable to make sure the strategy

derived from the data is reasonable, thus the confidence level needs to be controlled for an
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artificial intelligence aided data unification system. How do we control this in our multiclass

classification module?

We address this issue by calibrating class probabilities. A trained classification models often
can produce scores related to how likely a data record belongs to a class. Given data d, a
classifier can output a score from scoring function s(d). For two data records d,; and d,, if
s(dy) > s(d;) , then P(c|d; > P(c|d,). However, this function s(d) usually cannot simply
be interpreted as the probability of belonging to a class [30]. Generative models can directly
produce posterior probability of a data record belonging to each lass, however the
probabilities are often skewed and should be only considered as a score. To obtain the
probability of a data record belonging to a class, a calibrated model need to be learned from
data. The calibrated model contains a function CI that given a score s(d) for data d, produce

the probability of d belong to a class c as P(c|d) = CL(d).
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Chapter 4. Application case study: asset

performance management

4.1. Motivation
4.1.1. Impact of asset performance

Why managing asset performance? The overall aim is to protect the mission of the asset,
protect people and environment, and at the same time manage the cost of achieving these
goals[31]. As this study focuses on the performance of equipment asset, we use that as an
example to illustrate the importance of asset performance. This equipment asset management
problem studied here overlaps with researches in Reliability Centered Maintenance

(RCM)[32][33][34] and Total Productive Maintenance (TPM)[35][36].

First, asset normally has a mission to achieve in order to produce value. When an asset is
available, it can perform its function and help the owner produce value. The loss of
availability can cause or impose potential of production loss, thus asset availability is crucial
for many industrial systems. Availability can be measured in many aspects, one notion
showed in this study is downtime. Here we take the supply chain of oil and gas industry as
an example to give an intuition of the importance of asset performance management. The
supply chain in oil and gas industry (Figure 4.1) contains many steps that rely on well-
functioning large equipment [12]. At the production step, an oil platform can produce

thousands tons of oil per day (for example, the Berkut platform is expected to produce more
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than 10000 tons of oil daily[37]). This means even one day of planned shutdown or failure

will cost a lot of production. A well-designed asset maintained strategy reduce the down

time and maximize the production time.
()
(] s l R
00 ‘00 070

ém Y

Exploration Production Refining ’ ‘ Marketing ’ Consumer

Figure 4.1. Supply-Chain link in the oil and gas industry

Many steps of the supply chain rely on equipment assets to function. Exploration need
Hydrocarbon exploration rigs; production relay on oil rig or off-shore oil platform; refining
is achieved in chemical plants with large modular process skid; the delivery to consumer
need oil transportation pipes or vehicles.

Second, asset maintenance often can be costly, especially when not performed strategically.
Even though preventative maintenance is effective in preventing many types of failure, the
frequency of that needs to be carefully planned. For certain types of failure, it is safe and
financially rewarding to allow the failure to occur before fixing the problem. An example of
this strategy is to keep all the light bulb in a production workshop on until one burns out, and
then change the one to a new bulb, instead of changing all bulb periodically as a preventative
maintenance measure. In contrast, for other types of equipment failure, preventative

maintenance is preferred to reduce down time and ensure safety as discussed next.

Third, safety, health and environment concerns are addressed in an asset performance

management strategy. For example, if an industrial process contains hazardous material, like
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toxic gas, failure types causing any gas leaking need to be strictly avoided. Thus a thorough
preventative strategy needs to be constantly in place. A well-known recent case of the deadly
environmental impact of failed asset performance management is the BP Deepwater Horizon

oil spill.

To sum up, asset performance management has great impact not only on the revenue of the

company, but also on the health of employees, public and the environment.

4.1.2. Significance of failure mode unification

Not all equipment failures have the same degree of impacts as mentioned above, even for the
same type of equipment component. Instead, failure impact directly depends on failure
mode, which includes possible ways for a component to fail functionally[38]. From a profit
point of view, the impact of failure mode can be assessed as the downtime of the affected
process, and the maintenance cost to fix the failure event. Although aggregating failure
modes for a component can give us statistical models of the impact of a failing component,
useful information is lost. As shown in Figure 4.2, some failure modes are less costly to
repair and cause shorter downtime, whereas others cost tens of thousands of dollars to repair
and their downtime can last longer. The wide variability of both repair cost and downtime
indicates that a simple aggregation of all failure modes will mask out failure mode-specific
information and direct us away from the best possible maintenance strategy. Thus stratifying
failure modes is important, and unifying failure mode data is a critical prerequisite for

deeper analysis.
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Figure 4.2. Failure mode-specific downtime and repair cost

Scatter plot of failure mode over equipment downtime and repair cost for one type of
equipment. Each dot represents the mean value of one failure mode. Equipment downtime
denotes how long the functional unit in an industrial process needs to shut down, which links
to production loss. Repair cost denotes how much it costs to fix the equipment component.

4.1.3. Motivation to unify a large amount of isolated equipment maintenance

data

Unifying equipment failure mode across industry is the first step toward researching failure-
specific maintenance strategies. Many mode of failure are rare events due to great effort are
used to avoiding them. Thus getting a large enough sample to perform data mining is a
challenge. If we can leverage the fact that the same type of equipment can be deployed
across industry and make the data in a unified form, then the rare failure event data becomes
richer. However, failure modes are often represented differently across companies, which

causes failure events to become less amenable to data analysis, and prevents direct
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comparative studies. For example, the same aspect of maintenance history is coded with
their own standards for different companies, even for the same equipment model. After
unifying the data, we can assess and design maintenance strategies for specific failure modes
using consolidated data from across the industry. We demonstrate here how to use our

system to unify failure mode concepts, especially the less well defined concepts.

4.2 Data and Features

The data for this application use case are equipment maintenance record data. Each data
record contains details about an equipment repair event. The data were originally generated
by independent organization/companies. The data types include numerical data, date time

data, categorical data and free text data.

The data field that we create and unify in this study is “failure mode”. There are several
challenges in this task. (1) A field similar to failure mode does not exist in more than half of
the records. (2) For the records containing a field similar to failure mode, company uses
arbitrary code/value to denote their self-defined failure mode. These data fields are isolated
because companies do not share their full code definitions. (3) A unified categorical value
that we want to assign to each data record does not exist, and is to be generated by the

unification process.

We use several data fields to help assign a failure mode value to a record. Specifically, we

combine all the text fields that describe the initial symptom, the repair process, the final
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closing note of the repair to extract information about failure mode. Some example
information are what the operator or reliability worker heard and/or saw when the failure
occurred, the initial speculation of the cause, the method that fixed the problem, and the

diagnosis after repair.

The maintenance data are noisy due to several constraints during the data collection and
management process. (1) Historical reasons. Historically some fields are missing due to
changes in data format. Company coding system may also changes over time. (2) Typos.
Physical limitations such as the small size of hand-held devices used for data recording and
conversion of paper records to digital records contribute to frequent typos. (3) Tendency of
using general codes. Due to uncertainties presented at the time of equipment failure, data

recorder/field operator may prefer general codes to more specific codes.

There are a lot of other fields in the data that are not used in this study. For example
downtime, repair cost, function of the equipment and details about the repair. These very
important fields may be analyzed in a failure mode specific fashion after data unification of

failure mode. However, this is outside the scope of this study.

4.3 Data Unification System for Equipment Failure

4.3.1. System overview

When applied to equipment failure data unification, the general system described in section
3.1 and Figure 3.1 can be customized as in Figure 4.3. Specifically, the data source is

equipment maintenance history from different companies. These companies are either
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independent or belong to larger corporation groups. Even within the same corporation group

the equipment maintenance history may be recorded according to different coding standard

due to historical reasons. In step 2, relevant data fields are extracted and records are

combined for the core unification algorithm. Then the machine learning based failure mode

unification cycle produces the current version of unified cross industry and cross company
equipment failure mode data field (step 3). When new data are generated, their failure
modes are predicted using the deployed equipment failure data unification system (step 6)

learned from existing data.
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Figure 4.3. The equipment failure data unification system overview

An overview of equipment maintenance history data unification for failure mode. See text
for description.

26



4.3.2. The unification standard refinement cycle

The Unification Standard Refinement Cycle dynamically performs unification standard

update and unified data update. This is achieved by combining the advantage of machine

learning algorithms and human domain experts.
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Figure 4.4. Machine Learning Based Equipment Failure Data Unification Cycle.

Zoom in to the “Machine Learning Based Data Unification Cycle ” from the system overview

(Figure 3.1). This cycle takes data from “Isolated Data” in step 2 in the system overview,

and output the deployed unification system in step6, and Unified data at step 3 (or step c in

the cycle).
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4.3.3. Automated model selection and learning

Automatically selecting feature extraction parameters and classification model is one
strategy to ensure the adaptability of the system. An automated model selection module is
implemented to adapt to equipment failure data. Specifically, a text feature extraction
pipeline for equipment failure description was implemented within the feature union
pipelines. Features other than text may also provide information about failure mode,
although not explored in this study, a feature extraction pipelines for other types of data are
built in the current implementation. The feature extraction pipelines are combined before
feeding to a group of candidate classifiers. In the model training step, classifiers and their
associated parameters are tuned and applied to separate cross validation data sets, and the
best classifier is selected through cross validation. The best classifiers then uses text features
to predict a ranked list of possible failure modes on unseen data. The system implementation

employed many open source libraries[39][40][41][42][43][44].

Equipment Maintenance Data ‘

Hyper Parameters
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|
| Cross Validation Data Set | | Cross Validation Data Sets I‘IJ
x’l | —
Machine Learning Model and Estimator Pipeline Estimator
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Pipeline
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parameter Problem Equipment Priority Level
grid Description Text Type Features Feature Other
Pipeline Pipeline Pipeline Pipelines
| Candidate Classifiers |
Best B
Classifiers
w
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calibration
Calibrated Classifier | Unification Prediction Model |
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Figure 4.5. Data unification system overview.

An overview of the data unification system design. The system takes isolated data from
various data sources as input, and output the unified data that can be used for data
analytics.

4.3.4. Calibrating the probability of prediction

One limitation of the ranked list of failure modes output by the classifier is that their
associated ranking scores (raw probabilities) do not reflect the real probabilities of the failure
modes. In practice, the real values of the probabilities and their relative magnitude can help
domain experts make more informed decisions on the failure mode from a list of suggested
ones. Thus in this section, we describe a method for estimating the real probabilities by

calibration.

In the running example of this study, a multinomial Naive Bayes model is used to predict
failure mode. Although Naive Bayes outputs the probability of a record belonging to a
failure mode, the probability can be over- or under-estimated due to the model training
process, which optimizes label prediction instead of their associated probability. In the
trained model, in case of using word count features, we can directly obtain a posterior

probability as follows:

P(mode;) [Iweq, P(W|mode;)"wdm

P(mode;|d,,) = P(d)

where mode; denotes the i*" standard unified failure mode. d,, is a data record of one

specific equipment failure event m. n,,4  denotes how many times word w occurred in
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document d,,,. When making predictions, we optimize the following equation over class

label i:

arg max P(mode;|d,,)
i

The above posterior probability P(mode;|d,,) provides us with a starting point for estimating

the real probability of building a calibration model.

Various strategies were proposed to build the calibration model[45][46][47][48]. A non-
parametric isotonic regression approach was shown to produce good probability estimation.
Zadrozny and Elan proposed a general calibration approach [46] based on the assumption
that the function that maps classifier-produced score to probability is monotonically
increasing (isotonic). Isotonic regression is a weighted least-squares fit from vector x € R"
to vector y € R™ with a weight vector w € R". For all the pairs of (i, J) with x; > x;,

minimize the following equation:
min Y7, w;(x; — y;)* subject to y; > y; whenever x; > x;

In this experiment, we used an unseen calibration dataset to train an isotonic estimator. The
trained estimator take the Naive Bayes score (raw probability) as input, output the calibrated
probability (Section 4.3.4.). In the unification prediction model, this calibrated probability
was used to assign probability to each possible unified failure mode (Section 4.4.3.4.). It was

also used for the entropy and mutual information calculation (Section 4.4.3.2.).
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4.4. Results

4.4.1. Machine learning model evaluation

For each experiment, a multinomial Naive Bayes classifier was selected by the model
selector (Section 4.3.3.). We use confusion matrix (Figure 4.4.) to visualize the performance
of the prediction. The basic confusion matrix displays counts for pairs of hand-label mode
and predicted mode in the test data set. For x,. . in the confusion matrix C € N, let x,.
represent those predicting hand-labeled class r as class c. Whenr =c, x,. . is the count of
corrected predicted cases, which are on the diagonal of C. For the off-diagonal locations (r #

c), x, . represents the number of incorrectly predicted cases.

The unbalanced nature of the multiclass data in this study makes only the most abundant
classes visually discernable. This becomes one obstacle for using the matrix for our data
unification task. To address this problem, we applied two normalization strategies. One
normalizes by model prediction (Column normalization, Figure 4.5), the other normalizes by
hand label (Row normalization, discussed in Section 4.4.3.1.). Through the normalization,

patterns of prediction emerge.

The column normalized confusion matrix serves the purpose of evaluating the prediction
precision for each unified mode, with each cell corresponding to the posterior probability
conditioned on each failure mode. A formal description is as follows. Letz, . (0<z, . <1)

represents the fraction of data with hand label r, given the predicted class c.
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Figure 4.6. Confusion matrix
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A basic confusion matrix with the y axis labels indicate the hand-labeled failure mode, and

the x axis labels indicate the model predicted failure mode. The darkness of each cell

indicate the number of occurrence for the specific hand-label vs model prediction pair in test

data set.
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Column Normalized Confusion Matrix
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Figure 4.7. Column Normalized Confusion matrix

Normalized the value of each cell to for a given a model, what the fraction of each hand-
labeled failure mode in data are. The value in each column sums to one, with the exception
that the gray cells indicate that no data are predicted as the corresponding class.

When r = ¢ (diagonal locations), z, . represents the fraction of correctly predicted labels,
which is essentially the precision. As shown in figure 4.5, most frequently predicted labels
concentrate on the diagonal, indicating high prediction precision. Using this matrix,

accuracies across labels are easily identifiable, allowing direct comparison. Besides
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precision, we also evaluated the recall for each hand label by building a new matrix (Row
Normalized Confusion Matrix) with each cell contains the frequency of predicted classes
given the data (hand label). Let m, . (0 <m, . <1) represent the fraction of predicting data
as class c given the data was hand labeled as r. When r = ¢, m,. . represent the fraction of
correctly predicted cases. Thus the diagonal of the row matrix represents the recall of the

model. We further discuss this result in section 4.4.3.2. .

_ Xrc
My =

' i=1 Xr,i

For multiclass classification, the F1 score is usually lower than binary classification. In the
experiments comparing prediction performance, when building model to predict the 5 failure
modes that have sample size larger than 20000, the F1 score is 0.628. In contrast, when the
number of failure modes increases to 12 (sample size larger than 5000) the F1 score is 0.458.
In the experiment that aims at unification standard value list refinement, the model predicts
59 failure modes with sample size as low as 50, and the F1 score is about 0.4. Although the
F1 score for the 59-class classification is low, most predictions in test data still falls on the
diagonal of the confusion matrix (Figure 4.4 and Figure 4.5), which supports that the model

can capture the concepts for unified label. This characteristics of the model makes it

sufficient to serve our unification aim.

4.4.2. Machine learning aided unified value list refinement

In this section, we propose a new strategy of utilizing transformed confusion matrixes for the

data unification. Specifically we show how to use them to help refine the standard list or
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potential mislabeled data. This is achieved by investigating information conveyed by the off
diagonal intensities in the row normalized confusion matrix. One outstanding phenomena we
can immediately notice is that most hand-labeled groups contain failure modes predicted as
the “failure mode 577, and “failure mode 24”. This gives us the insight that these two
concept (failure mode) may be too general. The implication is two folds: (1) Check the hand
labeling data. See whether the training data provided by expert frequently mislabeled more
specific mode to these mode, which caused the model to learn from a mixed concept. Many
cases are prone to be labeled with a more general concept rather than a specific one. This
could be due to the complexity of the cases themselves, or to the higher mental load
associated with assigning cases with more specific labels. (2) To alleviate this problem,
these general modes may need to be split into more specific ones or eliminated entirely from
the standard unified value list, since they hardly provide actionable information to the failure

case.
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Figure 4.8. Row Normalized Confusion matrix

Normalized the value of each cell to the probability of given a hand-labeled failure mode,
what is the probability that been predicted to a certain label. The value in each row sums to
one. Note that hand-label not means ground truth in early stages of the unification process.

4.4.3. Using entropy and mutual information to evaluate the unified value list

To quantitatively measure how general a predicted label is, we calculated the entropy of each

predicted label using calibrated probability (Section 4.4.3). We use entropy to represent the
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information contained in each failure mode. The Shannon entropy can be calculated as
follows. Let F be a set of all the unified failure modes. Let m,. . denotes the probability of a
hand-label r predicted as concept (failure mode) c. Then H(F,.), the entropy of hand-label

class r, can be calculated as follows.

n
H(F,) = - ) My 10g, My
c=0

In the case of x,. . = 0, the value of corresponding summand 0 X log, 0 is assigned value 0

based on lim p log, p =0.
p—0+

z
|H“|||"||H"|IIII|

Figure 4.9. Entropy of failure modes

The entropy of each failure mode, measured by abstract model concept. The y axis denotes
now many bit of information is needed to code the hand-labeled failure mode.

As shown in Figure 4.7, the failure modes with the most distinct patterns discovered in the
row matrix (57 and 24) correspond to the highest entropies. This means that the entropy of a
failure mode can reliably represents how general a label is. Instead of relying on manual

inspection of the matrix, this entropy metric can be used to automatically detect general
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concepts in a computer program.

To identify the overlapping/similar failure modes, we employed the mutual information
measurement. Mutual information between failure mode x and y are defined as follow. Let
X be a vector containing probability p,; denoting the probability of a record d being
predicted as unified failure mode i given that d was hand-labeled as x. Let Y be a vector
containing probability p,,; denoting the probability of a record d been predicted as unified
failure mode j given that d was hand-labeled as y. We can calculate mutual information

between X and Y as follows.

MI(X;Y) = X4 p(i, )log 2L

Pxi*Pyj
If we express this with entropy, mutual information has the form of:
MI(X;Y) = HX)- HX|Y) = HY) —HY|X) =HX)+ H(Y)—-HX,Y)

We used the format of H(X) + H(Y) — H(X, Y) in our program implementation. Figure 4.7
shows the mutual information between each failure mode pair. We can see that several
failure modes stand out that have large mutual information with the majority of other failure
modes. This figure also shows the more specific failure modes that the general failure mode

overlaps with, thus suggests possible ways to split the general failure mode.
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Figure 4.10. Mutual information between failure modes.

16

12

The mutual information between each failure mode pair. The color bar unit is Shannon, with
value ranging from 0 to 18.
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4.4.4. Probability calibration

In assisting failure mode selection decision for domain experts, the predicted probability
associated with each label can enhance the process in several ways. First, the relative
magnitudes of probabilities among predicted labels suggest the quality or confidence of the
prediction for a record. Second, with probability values, a threshold can be set to automate

the label selection process.

Multinomial Naive Bayes is a statistical model and can generate a score in the form of
probability, which has a nice property that the larger the score is, the higher the probability
of classifying the data record to this class. However, the score is not equal to the real
probability. During learning from data, this score is optimized so that the classification have
the best preformation according the scoring function[17]. To estimate the real probability,
research demonstrated that we can calibrate the score with unseen data [45] [46] [49] . In this
study, the probability was calibrated on unseen data with isotonic regression. The following
figures show the relation between the raw score from the classifier and the calibrated
probability. The four representative examples demonstrate that Naive Bayes tends to
produce probabilities on the extreme ends, the extent to which is class-specific. The
calibration effectively counteracts this tendency and generates probabilities that better

matches real probabilities of respective classes.
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Four representative examples demonstrating that Naive Bayes tends to produce
probabilities on the extreme ends, the extent to which is class-specific. Each dot is a data

record. The x axis is the raw Naive Bayes score, the y axis is the calibrated probability of
the data record.
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Chapter 5. Conclusions and future directions

The proposed machine learning aided data unification system not only provides a more
efficient way than manual unification, but also provides new information that cannot be

generated without machine learning.

Due to the lack of methods to evaluate the standard unified categorical value list, it has
relied on human intuition to make judgement of whether there is caveat in a version of
standard values. This study provides a new evaluation tool for comparing complex concepts,
under the assumption that a machine learning model can capture the concepts in the labeled
training data set. When interpreting the proposed evaluations, we need to keep the following
points in mind. First, the standard list is improving dynamically, and early stages of standard
list usually contains target values that will be eliminated, or miss specific value which needs
to be added. So early version of the machine learning model may learned from the imperfect.
Second, since each unified value contains complex concepts, for some cases may have one
data record contain more than one concepts. So the classification should consider as a soft

version [13] which predicts probabilities instead of assigning a single class to the data.

There are many data fields to be unified in equipment failure data. The unification
experiment of all these fields is beyond the purpose of this application case study. One
example of such interesting fields to be unified is the material contacting the equipment in
the process. An equipment expert aided by a unification system proposed here can help
achieve this unification, which enable comparing equipment data cross industry. A very

simple and clear concept may not need the complex system proposed here. We picked
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failure mode here also to demonstrate how to use our system to unify a less well defined

concept

One future direction could be to design an effective GUI for the unification system to
achieve a real time interaction of machine and human intelligence. The current system in this
study is focused on the feasibility of this machine learning based methodology and not on
the design of a user friendly graphical interface. Specifically, an interactive interface to feed
suggested unified value to human data integrator and allow user set final unification result to
database in a clickable interface. This will make the refinement of standard unified value list

more efficient.

Another promising future direction is to incorporate expert sourcing in the system. Although
our system greatly reduced the cognitive load of individual human experts through value
assignment suggestions for new data and suspicious error candidate suggestions, human
activity is still needed to ensure the unification quality, which is crucial for certain domains
like medical records unification. One way to solve this is to add crowd sourcing module to
the system. In this case the crowd should be domain experts, instead of general public, in
what is called Expert-Sourcing[50][51]. For unification problem proposed here, the format
of question can be very structured and expert decision can be automatically incorporated to
unified data. For example, sending the full information (failure description text, equipment
type, function, etc.) along with a simple drop down list of standard unified values. The
expert selected unified value then been automated assigned to the previously uncertain
record. The selection of expert can also be aided by machine learning, specifically a

recommender system that recommend best possible experts for the question poster to select.
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A crowd sourcing system can spread the human work in space and time, and can also allow

collaboration on more complex assignment issues.
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