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Abstract

Data quality is such an important aspect in determining how ethical, legitimate or trust-
worthy a certain data segment is. In a world where the amounts of data keep on rising
every single day, the need to integrate this data that originates from several sources has
become a necessity. The integration depending on the used method, does not come free
of errors and this circumstance has created the need for data integration techniques that
eliminate as much as possible any conflicts that arise during the process. These data in-
tegration techniques have been developed under accepted standard procedures, by firms
and individuals well respected in the world of software development. They are also de-
veloped by teams or committees that usually comprise of data analytic professionals and
other stakeholders. However, these data integration techniques and the integrated data as
the end product, are not one hundred percent error proof and this is where we come in
with our assessment criteria that is intended to check whether no matter the used data in-
tegration technique, there might be fault or contradictions in the conclusions drawn from
the integrated data when compared to its sources.
The aim of this thesis is to propose a possible guidance assessment criteria, that can be ap-
plied after the data integration process while using some of the common data integration
techniques, to see whether paradoxical results appear that would compromise the quality
of conclusions drawn from the integrated data hence creating a possible quality issue of
the data as a whole.
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Chapter 1

Introduction

1.1 Introduction

Quality of data in any organisation is of great significance. With a well-structured, trust-
worthy and well-consolidated data structure, organisations find it easy to do efficient and
effective work basing on well-organised and well-sampled data. The world is currently in
what is termed as the information age also known as the Computer age or Digital age,
which is a period in human history characterized by the shift from traditional industry
that the Industrial Revolution brought through industrialization, to an economy based on
information technology (Contributors, 2018).
With large amounts of data accumulating each single day in form of Big Data, organisa-
tions have resorted to combining accumulated data from several sectors into a one inte-
grated database creating what we call Data Warehouses. These are central repositories
of integrated data from one or more disparate sources. This accumulation and combina-
tion of data from the different sources has come with both benefits and challenges. Social
data analysis presents multi-faceted challenges that existing data mining approaches are
not well-equipped to handle. These are in form of irregularities that arise due to differing
statistics exhibited between the accumulated integrated data and the sparse sources that
the integrated data was obtained from. Real-world data is noisy and sparse. To uncover
hidden patterns, scientists aggregate data over the population, which tends to improve
statistics and signal-to-noise ratio. However, real-world data is also heterogeneous, i.e.,
composed of subgroups that vary widely in size and behaviour. This heterogeneity can
severely bias analysis of social data (Alipourfard, Fennell, and Lerman, 2018).
The Simpsons paradox is one example that presents such a bias. Observed associations
or attributes in data that has been aggregated over an entire population may be quite dif-
ferent from, and even opposite to, those of the underlying subgroups. Failure to take this
effect into account can distort conclusions drawn from data. Simpsons paradox also affects
analysis of trends. When measuring how an outcome changes as a function of an indepen-
dent variable, the characteristics of the population over which the trend is measured may
change as a function of the independent variable due to survivor bias. As a result, the
data may appear to exhibit a trend, which disappears or reverses when the data is dis-
aggregated (Alipourfard, Fennell, and Lerman, 2018). Taking for example from literature
(Romero, Meeder, and Kleinberg, 2011), it may appear that often exposures to information
or hashtags on social media make an individual less likely to share it with their followers .
However, this is far from the truth: the more trending a hashtag, the more it will be shared
among circles of different people and their followers.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is
granted without fee provided that copies are not made or distributed for profit or commercial advantage and
that copies bear this notice and the full citation on the first page.
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However, those who follow many others (and are likely to be exposed to a meme or a
hashtag multiple times) are less responsive overall, due to the high volume of informa-
tion they receive (Hodas and Lerman, 2012). Their reduced susceptibility to exposures
biases the aggregate response, leading to wrong conclusions about behaviour. Once dis-
aggregated based on the volume of information received, a clearer pattern of exposure re-
sponse emerges, one that is more predictive of the actual response (Alipourfard, Fennell,
and Lerman, 2018)(Hodas and Lerman, 2014). The unfortunate truth is that despite the
overwhelming evidence accumulated of Simpsons paradox affecting inference of trends
in social and behavioural data, researchers do not routinely test for it in their studies.
Existence of a Simpsons paradox in a given data set could signify noticeable patterns, in-
cluding important behavioural differences. The paradox shows that subgroups within the
aggregated portion in contrast, precisely diverge in their characteristics, and these differ-
ences are large enough to affect aggregate trends. In such cases the trends discovered in
disaggregated data are more likely to describe and predict individual behaviour than the
trends found in aggregated data (Alipourfard, Fennell, and Lerman, 2018).
Thus, to build more robust models of behaviour, data scientists need to identify the sub-
groups within their data or risk drawing wrong conclusions.

1.2 Problem

Among the many reasons for doing Data Integration in an organisation, one of the most
important of them all is to make meaningful conclusions out of it. We need to make ac-
curate and precise conclusions that are consistent in both the disaggregated [sub-groups]
data and the integrated [grouped] data. This could be simple if there were no paradoxi-
cal tendencies that can easily appear in one way or another. As the world of Data keeps
growing each day that passes by, this explosion of data availability and the advances in
computing power and processing tools and software have paved the way for statistical
modelling to be at the front and centre of decision making not just in business, but ev-
erywhere. Anomalies and misinterpretations lurk behind even the simplest of statistical
operations, providing implications that operations in business analytics can produce de-
ceptive results if not performed properly. Simpsons Paradox, which regularly crops up in
statistical research, business analytics, and public policy, is a prime example of why sta-
tistical analysis is useful as a corrective for the many ways in which humans intuit false
patterns in complex datasets (Berman et al., 2012).
Therefore, there is need for a solution that could explain in any case if such fallacies would
be encountered in a certain data integration and hence guide an organise on how to draw
conclusions from the data at hand.

1.3 Motivation

Considering Moore’s Law (stating that computing power is increasing rapidly) and the
technologies to look through vast quantities of data is improving each year, our analytical
capabilities and in turn insights are starting to grow exponentially and will soon change
organizations to become more data driven and less "business instinct" driven (Macsin and
Abate, 2017). Data is going to become the next global currency and is already being glob-
ally monetized by corporations. This turn of events mean more integration of the several
data segments that organisations and enterprises will have accumulated in pursue of mak-
ing meaningful conclusions out of these chunks of data.
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Unofficial sources claim that some experts say that big data is dead. They argue that busi-
nesses do not even use a small portion of data they have access to and big does not always
mean better. Sooner rather than later, big data will be replaced by fast and actionable data,
which will help businesses, take the right decisions at the right time. Having tremendous
amounts of data will not give you a competitive advantage over your competitors but
how effectively and quickly you analyse the data and extract actionable information from
it (Ahmed, 2017). Hence the motivation of providing a criteria of making quick analyses
on data as it is being integrated and after, to make quick actionable decisions and conclu-
sions from it, that are consistent in both data segments i.e. the disaggregate sources and
the aggregated result.

1.4 Objective

The main objective of this thesis is to provide a criteria for assessing the quality of inte-
grated data basing on the conclusions drawn form the aggregated data comparing them
with the disaggregated sources, to check for occurrences of Simpson’s paradoxical be-
haviours that would compromise the decisions taken, basing on the drawn conclusions
from a given data set or data sets.
The method presented in this paper provides a simple framework for identifying such
interesting subgroups by systematically searching for Simpsons paradox in trend data.
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Chapter 2

Literature Review

Introduction

This chapter introduces the notions of Simpson’s Paradox and Data Integration. It also
illustrates details of what these two concepts mean and also presents examples that better
explain the two phenomena. In details, we give an explanation of what we based on in
order to carry out our research work in these fields. Furthermore, we discuss works that
have already been done on data quality assessment. We consider the current state of data
quality assessment metrics that we take as the foundation of our research study.

2.1 Simpsons paradox

Simpsons paradox, also known as the Yule-Simpson effect and the reversal paradox, is a
phenomenon arising from multivariate statistical analyses. It is called a paradox because
it often leads to paradoxical conclusions. Such conclusions may lead to the development
of theories that incorporate causal effects disconnected from reality, based on empirical
findings distorted by Simpsons paradox (Kock, 2015). It is sometimes given the descrip-
tive title reversal paradox or amalgamation paradox.
Several occurrences of this effect have been recorded in social-science and medical-science
statistics and is particularly problematic when frequency data is unduly given causal in-
terpretations, "the Simpsons paradox occurs when an observed association between two
random variables, say X and Y, gets reversed after considering the third variable W, called
a covariate or a background variable. The situation of having two contradictory conclu-
sions makes this phenomenon paradoxical" (Vellaisamy, 2014). In this case, the variable W
is a summation or aggregation of the two previous ones i.e. X and Y.
If we dissect the data into sub-groups, each representing a specific value of the third vari-
able, the phenomenon appears as a sign reversal between the associations measured in the
disaggregated sub-groups relative to the aggregated data, which describes the Summed
Group W. Many scholars however argue that this phenomenon is exclusively causal. The
question is: "What causal dependencies can produce such a case, properly known as the
Simpson’s paradox?"
To give a good explanation of what the Simpson’s paradox is, we give several examples
below.

2.1.1 Example 1: Gender bias at UC Berkeley.

One of the most famous real-life examples is that of University of California Berkeley. In
1973, the University of California-Berkeley was sued for sex discrimination. The numbers
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looked incriminating: the graduate schools had just accepted 44% of male applicants but
only 35% of female applicants. When researchers looked at the evidence, though, they
uncovered something surprising.
The admission figures categorically showed that men applying were more likely than
women to be admitted, and the difference was so evident and large enough to dismiss
any suggestions that it was due to chance.

Applicants Admitted
Men 8442 44%
Women 4321 35%

TABLE 2.1: Showing number of applicants admitted

When it came down to individual departments analysis, evidence showed that six out of
the 85 departments were ideally biased against men, while just four were significantly bi-
ased against women. Truth be told, the combined and analysed data showed a "small but
statistically significant bias in favour of women. The data from the six largest departments
is listed below. Real department names have been altered.

Department Men Women
Applicants Admitted Applicants Admitted

A 825 62% 108 82%
B 560 63% 25 68%
C 325 37% 593 34%
D 417 33% 375 35%
E 191 28% 393 24%
F 373 6% 341 7%

TABLE 2.2: Showing number of applicants admitted broken down by de-
partment

The research paper by (Bickel, Hammel, and O’Connell, 1975) concluded that women
tended to apply to competitive departments with low rates of admission even among
qualified applicants (such as in the English Department), whereas men tended to apply
to less-competitive departments with high rates of admission among the qualified appli-
cants (such as in engineering and chemistry).

2.1.2 Example 2: Death sentence in Southern USA

We give another example got from the data from Radelet, 1981 (Witmer, 1992) on the re-
lationship between race and the imposition of the death penalty for convicted first-degree
murderers. Is the application of the death sentence racially motivated?
In 1978, Warren McClesky, a black man, was convicted of killing a white police officer
and was sentenced to death in Georgia. In an appeal before the U.S. Supreme Court,
McCleskys lawyers argued that imposition of the death penalty in Georgia was racially
biased. We look here at data taken from all homicide convictions in the state of Florida
between 1976 and 1980 in which the suspect was black or white and the victim was black
or white. (Georgias data are very similar.)
People from the same race tend to kill each other more than the opposite race. So, in the
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first table we see the stats showing that white suspects received the death sentence more
than the black suspects. This is due to the fact that there were higher numbers of white
suspects killing whites than there were for black suspects killing blacks. In that case, the
death sentence was given more when the victim was white than when was black.
The first table shows an apparent bias, but in favour of black suspects. The lurking vari-
able (confounder variable) here is the victim’s race, as the subsequent tables show.

YES NO TOTAL (%YES)
Race of White 39 308 347 11.2
Suspect Black 32 345 377 8.5

Total 71 653 724 9.8

TABLE 2.3: Showing percentage of death sentence w.r.t to victim’s race

Analysing this table will give an impression that the death sentence was given more to
white suspects when looking at the percentages. In the subsequent tables we take into
consideration the confounding variable (victim’s race) to show that the statistics were mis-
leading to the wrong conclusion and thus bringing about the Simpsons paradox.

YES NO TOTAL (%YES)
Race of White 39 279 318 12.3
Suspect Black 29 121 150 19.3

Total 68 400 468 14.5

TABLE 2.4: Table for those cases involving white victims:

YES NO TOTAL (%YES)
Race of White 0 29 29 0.0
Suspect Black 3 224 227 1.3

Total 3 253 256 1.2

TABLE 2.5: Table for those cases involving black victims:

In both the above tables we see that in reality the death sentence was given more to the
black suspects than the white suspects. Here, for both black and white victims, a higher
percentage of black convicted murderers are sentenced to death than are white murderers
(1.3% vs. 0% and 19.3% vs 12.3% for black and white victims respectively). There is a third
variable here that is hidden in these statistics. If we look at likelihood of being sentenced
to death for killing whites and blacks, we see that the death sentence is more likely if the
victim was white than if the victim was black.
From the above given examples, we draw a practical conclusion: When presented with
results, one always must ask themselves if there were other important variables that were
omitted from the analysis. Their inclusion could change the initial obvious conclusions
and thus eliminate paradoxical confusion.

2.1.3 Simpsons paradox and causality

As mentioned earlier, when we look at the above examples, we can give a general une-
ducated conclusion that indeed for the case of the death sentence, whites were given the
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death penalty more than the blacks. This would be true if we did not have more informa-
tion about the whole issue. Many scholars have argued that Simpsons paradoxs appear-
ances have causal factors, and some say not. In (Bandyopadhyay et al., 2015), they give an
account that unless someone uses the notion of causation trivially, for example, believes
that 2+2 causes 4, there is no reason to assume that there are causal intuitions lurking in
the background. But we have seen that from the examples above, if it were not for some
lurking variables, the initial results would have been indisputable. More so in the death
sentence example, one can argue that the lurking variable in this case would be race of
both victim and perpetrator, that led to the sentencing of more black convicts than their
white counter parts.
Therefore, one must take notice that in some cases there are paradoxical results when cer-
tain types of data are combined and hence bringing about the Simpsons paradox. And yet
in other cases there are not such variables. So, for one to conclude that the Simpsons para-
dox is causal, must look closely at what type of data they are dealing with, its source, the
way it was collected, the way it was integrated, the motivation behind its collection and
so on. In other words, it is not wise to conclude that Simpsons paradox is either causal or
not with out taking into consideration many other factors around that dataset that leads
to paradoxical results.

2.1.4 Simpsons paradox and collapsibility

The concept of collapsibility goes hand in hand with that of Simpsons paradox. Where
when one occurs, the other does not and vice versa. (Vellaisamy, 2014), the examples and
the applications discussed in their paper clearly demonstrated that Simpsons paradox is a
crucial aspect in the data analysis and the issue of collapsibility should be looked into only
after ascertaining the non-occurrence of Simpsons paradox. They further go on to mention,
that generally, whenever Simpsons paradox does not occur, the collapsibility issue arises
naturally as a dimension reduction problem in the context of data analysis.

2.1.5 Simpson’s paradox and Confounders

As seen in the previous sections, correlations, in which two variables appear to have [that
is to say] a positive correlation towards one another, when in fact they have a negative
correlation, the reversal having been brought about by a "lurking" variable or variables
termed as confounders, could lead to the appearance of the paradox. (Berman et al., 2012)
give an example from economics, where a dataset suggests overall demand is positively
correlated with price, in contradiction of expectation. Analysis reveals time to be the con-
founding variable: plotting both price and demand against time reveals the expected neg-
ative correlation over various periods, which then reverses to become positive if the influ-
ence of time is ignored by simply plotting demand against price.

2.1.6 Short conclusion

Having seen how deceiving statistical measures can be, in any given dataset, at times
producing paradoxical conclusions, there is need to further study this phenomenon and
come up with guidelines that can help warn a data analyst if it happens or even avoid it
entirely.
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2.2 Data Integration

Data Integration by definition, is the process of retrieving data from multiple source sys-
tems and combining it in such a way that it can yield consistent, comprehensive, current
and correct information for business reporting and analysis. The source systems may be
several types of devices and the data may be in a variety of formats.
According to (Goodhue, et al.,1992), data integration will increase along one or both of two
dimensions: (1) the number of fields with common definitions and codes, or (2) the num-
ber of systems or databases adhering to these standards. Data integration is an example
of a highly formalized language for describing the events occurring in an organization’s
domain. The scope of data integration is the extent to which that formal language is used
across multiple organizations or sub-units of the same organization. The objective of data
integration is to bring together data from multiple data sources that have relevant infor-
mation contributing to the achievement of the users’ goals (AFT, 1997).
We can go ahead and identify some of the factors which must be or should be considered
to carry out a successful and proper data integration:

• Having excellent quality data
Any Data Integration project or process should possess a data quality plan that
focuses on quality before (i.e. selecting ideal subgroupings of the available data
sources for integration), during (i.e. estimation of noise and distortion levels that
could arise due to sensory, processing, and environmental surroundings during its
collection) and after (i.e. the computational efficiency of the integrated data sets to
achieve the goals of the users) the integration has been implemented. Without this,
the project will inevitably and most likely fail. Conclusively, good data quality is
what will ensure user-adoption and therefore leading to proper accomplishment of
any Data Integration project.

• Adopting a centralised approach
Data must be harmonized in an automated and reliable way across all platforms for
an organisation to have one version of them all. Errors caused by inconsistent data
and manual data entry can prove very costly and could distort proceedings.

• The formats of the data, the archive systems, and the data storage and retrieval
It should be noted that for a smooth Data integration process, the subset sources
should have a harmonious format that is general to all, be accessible with ease while
also being easy to store and retrieve at any given instance.

• Taking future changes into consideration
It is very important to cast an eye in the future when it comes to integration of sev-
eral data sources. Why? Most integration approaches are rarely developed with a
solid long-term future-plan available. Take an instance when the integrated systems
get upgraded, and an organisation wishes to extend the use of their integration tool
and integrate with other systems. What would happen then? Any chosen Data Inte-
gration solution, should have a future-proofing mechanism and can keep operating
when the integration circumstances change.

2.2.1 The need for Data Integration

Data Integration is literally done in all fields of specialization, from Mathematica to Bio-
logical to statistics and several others. Arguably, the most well-known implementation of
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data integration is building an enterprise’s Data Warehouse.
Several other well-known implementations include: Data migration, Enterprise applica-
tion or information integration, Master data management, among many others.
There are several benefits that come with Data Integration from whichever field it is ap-
plied to. There are some obvious advantages in integrating information from multiple
data sources. Such integration alleviates the burden of duplicating data gathering efforts,
and enables the extraction of information that would otherwise be impossible (Subrahma-
nian, et al., 1996)
These benefits be listed as:

• Minimizing inconsistencies in data from the various sources it is acquired

• Allowing for effective and efficient segmentation of the data into actionable solicita-
tion groups

• Integrated decision making for an organisation; to: Improving decision making, user
experience and streamlining operations in an organisation.

To mention but a few, and many other benefits depending on the field in which application
of the Integration of Data is done or needed.

2.2.2 Data Integration Techniques

Presently, there are three main techniques used to carry out data integration, These in-
clude: consolidation, federation, and propagation. One can argue that there are others,
for example the Hybrid approach, but this comes from the three above, as well as all the
other ones that have been developed.
We give a detailed explanation of these techniques, adopted from (White, 2018)

• Data Consolidation
Captures data from multiple source systems and integrates it into a single persis-
tent data store. This data store may be used for reporting and analysis as in data
warehousing, or it can act as a source of data for downstream applications as in an
operational data store.
With data consolidation, there is usually a delay, or latency, between the time up-
dates occur in source systems and the time those updates appear in the target store.
Depending on business needs, this latency may be a few seconds, several hours, or
many days. The term near real time is often used to describe target data that has a
low latency of a few seconds, minutes, or hours. Data with zero latency is known as
real-time data, but this is difficult to achieve using data consolidation.

• Data Federation
Provides a single virtual view of one or more source data files. When a business ap-
plication issues a query against this virtual view, a data federation engine retrieves
data from the appropriate source data stores, integrates it to match the virtual view
and query definition, and sends the results to the requesting business application. By
definition, data federation always pulls data from source systems on an on-demand
basis. Any required data transformation is done as the data is retrieved from the
source data files. Enterprise information integration (EII) is an example of a technol-
ogy that supports a federated approach to data integration.
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• Data Propagation
Applications copy data from one location to another. These applications usually op-
erate online and push data to the target location; i.e., they are event-driven. Updates
to a source system may be propagated asynchronously or synchronously to the tar-
get system. Synchronous propagation requires that updates to both source and target
systems occur in the same physical transaction. Regardless of the type of synchro-
nization used, propagation guarantees the delivery of the data to the target. This
guarantee is a key distinguishing feature of data propagation. Most synchronous
data propagation technologies support a two-way exchange of data between a data
source and a data target. Enterprise application integration (EAI) and enterprise data
replication (EDR) are examples of technologies that support data propagation.

2.3 Data Quality Assessment Metrics / Dimensions

First, what do we mean by Data Quality Assessment? We can define this as "the process
of scientifically and statistically evaluating data in order to determine whether they meet
the quality required for projects or business processes and are of the right type and quan-
tity to be able to actually support their intended use" (Techopedia, 2018). A metric or
dimension on the other hand is a standard of measurement that serve as an integral com-
ponent of accountability.
When we combine the two together, we can get an understanding that Data Quality met-
rics or dimensions are important because they enable people to understand why data is
being measured. Metrics are needed for quantifying Data Quality in order to answer ques-
tions like: Which measure improves Data Quality the most and which one has the best
benefit-to-costs ratio?

2.3.1 State of the Art of Data Quality Assessment Metrics

Here we exhaustively assess existing data quality metrics, which are in line with the ob-
jectives of the thesis.
In this section, the current state of the metrics that are used in Data Quality assessment is
evaluated and discussed. In addition, the requirements for good quality assessment met-
rics are also discussed. (Höchtl et al., 2015) gives us a lot of detailed explanations of the
different metrics and their categorises. What is mentioned here helps to provide a basis
for the development and implementation of our proposed data quality assessment metric.

Further discussions:

Data quality metrics or in other cases dimensions, is a term that has been widely used for
a number of years to describe the measure of the quality of data. However, the key quality
metrics or dimensions are still up to-date debatable even amongst data quality profession-
als. The key data quality dimensions are not universally agreed upon, but there are those
that have appeared almost in every search result for data quality metrics or dimensions.
This state of affairs has led to much confusion within the data quality community and is
even more confusing for those who are less familiar in the field let alone business stake-
holders.
We examine a set of standard indicators that are routinely reported through out organisa-
tions’ information systems and quantify problems of data completeness, timeliness, con-
sistency and accuracy. Those mentioned, we can say, are the core parameters on which all
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the other quality metrics are built. We explain and detail these core metrics and also give
brief definitions and descriptions on the others in the following sections.

Core Quality Metrics

Organisations select the data quality dimensions and associated dimension thresholds
based on their business context, requirements, levels of risk etc. Note that each dimen-
sion is likely to have a different weighting and in order to obtain an accurate measure of
the quality of data, the organisation will need to determine how much each dimension
contributes to the data quality as a whole (Group, 2013).
The six core metrics or dimensions of data are:
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• Completeness Metric / Dimension:

Title Completeness

Definition
The proportion of stored data against the potential of "100%
complete"

Reference
Business rules which define what "100% complete" repre-
sents.

Measure
A measure of the absence of blank (null or empty string)
values or the presence of non-blank values.

Scope
0-100% of critical data to be measured in any data item,
record, data set or database

Unit of Measure Percentage
Type of Measure: As-
sessment, Continuous,
Discrete

Assessment only

Related dimension Validity and Accuracy

Optionality

If a data item is mandatory, 100% completeness will be
achieved, however validity and accuracy checks would
need to be performed to determine if the data item has been
completed correctly

• Uniqueness Metric / Dimension:

Title Uniqueness

Definition
No thing will be recorded more than once based upon how
that thing is identified.

Reference
Data item measured against itself or its counterpart in an-
other data set or database.

Measure

Analysis of the number of things as assessed in the ’real
world’ compared to the number of records of things in the
data set. The real world number of things could be either
determined from a different and perhaps more reliable data
set or a relevant external comparator.

Scope Measured against all records within a single data set
Unit of Measure Percentage
Type of Measure: As-
sessment, Continuous,
Discrete

Discrete

Related dimension Consistency
Optionality Dependent on circumstances

• Timeliness Metric / Dimension:
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Title Timeliness

Definition
The degree to which data represent reality from the re-
quired point in time.

Reference The time the real world event being recorded occurred.
Measure Time difference
Scope Any data item, record, data set or database.
Unit of Measure Time
Type of Measure: As-
sessment, Continuous,
Discrete

Assessment and Continuous

Related dimension Accuracy because it inevitably decays with time.
Optionality Optional dependent upon the needs of the business.

• Validity Metric / Dimension:

Title Validity

Definition
Data are valid if it conforms to the syntax (format, type,
range) of its definition.

Reference

Database, metadata or documentation rules as to the allow-
able types (string, integer, floating point etc.), the format
(length, number of digits etc.) and range (minimum, maxi-
mum or contained within a set of allowable values).

Measure
Comparison between the data and the metadata or docu-
mentation for the data item.

Scope
All data can typically be measured for Validity. Validity
applies at the data item level and record level (for combi-
nations of valid values).

Unit of Measure Percentage of data items deemed Valid to Invalid.
Type of Measure: As-
sessment, Continuous,
Discrete

Assessment, Continuous and Discrete

Related dimension Accuracy, Completeness, Consistency and Uniqueness
Optionality Mandatory

• Accuracy Metric / Dimension:
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Title Accuracy

Definition
The degree to which data correctly describes the "real
world" object or event being described.

Reference

Ideally the "real world" truth is established through pri-
mary research. However, as this is often not practical, it is
common to use 3rd party reference data from sources which
are deemed trustworthy and of the same chronology.

Measure
The degree to which the data mirrors the characteristics of
the real world object or objects it represents.

Scope
Any "real world" object or objects that may be characterised
or described by data, held as data item, record, data set or
database

Unit of Measure
The percentage of data entries that pass the data accuracy
rules.

Type of Measure: As-
sessment, Continuous,
Discrete

Assessment, e.g. primary research or reference against
trusted data. Continuous Measurement, e.g. age of stu-
dents derived from the relationship between the students
dates of birth and the current date. Discrete Measurement,
e.g. date of birth recorded.

Related dimension
Validity is a related dimension because, in order to be accu-
rate, values must be valid, the right value and in the correct
representation.

Optionality
Mandatory because - when inaccurate - data may not be fit
for use.

• Consistency Metric / Dimension:

Title Consistency

Definition
The absence of difference, when comparing two or more
representations of a thing against a definition

Reference
Data item measured against itself or its counterpart in an-
other data set or database.

Measure Analysis of pattern and/or value frequency.

Scope

Assessment of things across multiple data sets and/or as-
sessment of values or formats across data items, records,
data sets and databases. Processes including: people based,
automated, electronic or paper.

Unit of Measure Percentage.
Type of Measure: As-
sessment, Continuous,
Discrete

Assessment and Discrete.

Related dimension Validity, Accuracy and Uniqueness

Optionality
It is possible to have consistency without validity or accu-
racy.
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Other Data Quality Metrics / Dimensions

Considering the fore mentioned metrics, most of the other metrics are derived from the
core ones in the section above. Data Quality Metrics can be formed according to an organ-
isation’s needs or generically. Most of the metrics out there are put into place due some
need and below, is a table that includes some of them:

Metric Description
Believability Degree to which data is seen as credible and true
Relevancy How usable, applicable, or interesting the data is
Reputation Data contents or source are kept in high consideration
Appropriate amount of
data

How suitable is the amount of data

Ease of manipulation
The extent to which data is easy to manipulate and apply
to different tasks

Objectivity How impartial the data is
Value-added Data provides a competitive advantage

Interpretability
The extent to which data is in appropriate languages, sym-
bols, and units, and the definitions are clear

Definition confor-
mance / Documenta-
tion / Usage

The extent to which the data meaning is explained

(Access) Security Access is secure or can be restricted
Conciseness Data is compactly represented
Accuracy Data is correct (free of errors) and reliable
Accessibility / Retriev-
ability

The degree to which the data is retrievabl

Identifiability ease by which data can be found

Contactability
Possibility to give feedback on data The extent to which the
data publisher provides contact information

Conclusion: As seen from the above literature, the Simpson’s Paradox with all that goes
with it, is an important phenomenon that has been extensively studied in statistics but still
confusing for those that are out of the statistical world, up to present day. More sensitisa-
tion needs to be made about this phenomenon, more so in the world of data. Data being
a driving force for almost every organisation today, it means that more and more people
are bound to encounter such phenomenon, more especially majority of whom might not
be aware of such statistical paradoxes. Integration of data being an inevitability, organi-
sations and businesses are finding it impossible to keep their data distributed and most
importantly, keep it of good quality. More research and studies are needed in areas that
combine both data integration and Simpson’s paradox, and this thesis is among those that
are tackling this.
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Chapter 3

Research Baseline

Introduction

In this section we present our research basis. We talk about the known and available data
quality assessment metrics. We give an explanation to help show the relationship that is
there between Simpson’s paradox and Data Mining and we look at an algorithm that was
developed to detect instances of Simpson’s paradox and relate it to our research.

3.1 Understanding the paradox in relation to Data Mining

The past several years have seen decision making in many areas of business steadily
evolve from judgement-driven domains into scientific domains in which the analysis of
data and careful consideration of evidence are more prominent than ever before. Ad-
ditionally, mainstream books, movies, alternative media and newspapers have covered
many topics describing how fact and metric driven analysis and subsequent action can
exceed results previously achieved through less rigorous methods. This trend has been
driven in part by the explosive growth of data availability resulting from Enterprise Re-
source Planning (ERP) and Customer Relationship Management (CRM) applications and
the Internet and eCommerce more generally. There are estimates that predict that more
data will be created in the next four years than in the history of the planet (Berman et al.,
2012).
There are several issues that could arise during a data integration process and among
which, one might encounter contradictions in the data disaggregates compared to the data
aggregates. In other words, differing results in form of descriptive statistics of these data
segments.
We need to understand that: (i) Reversal paradox (ii) Simpson’s Paradox and (iii) Amal-
gamation paradox, all mean the same thing. If we are to make claims of findings of a
paradox, more so this one in question, we must meet certain criteria. First, we have to
make sure that the findings explain which parameters in the dataset are leading to these
conclusions and why a user considers the phenomenon surprising or unbelievable. Sec-
ond, the solution must identify the class of scenarios in which the paradox may surface
and distinguish it from scenarios where it will surely not surface. Finally, in those scenar-
ios where the paradox leads to indecision, we must identify the correct answer, explain the
features of the scenario that lead to that choice, and prove mathematically that the answer
chosen is indeed correct.
It is important to note that, strictly speaking, Simpsons paradox is not really a paradox in
the context of probability theory, because it does not involve a real contradiction, just an
apparent contradiction that is eliminated by providing an explanation for the occurrence
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of the paradox, as just discussed in the case of the paradox occurrence (Freitas, McGarry,
and Correa, 2007)
A second important and related point is that Simpsons paradox is well known by statisti-
cians in general. Despite these two points, it should be noted that the apparent contradic-
tion associated with Simpsons paradox looks very puzzling (actually, it looks like a real
contradiction) to most users, and, as pointed out by (Fabris and Freitas, 2006), in practice
Simpsons paradox is usually very surprising to users, who typically have no formal sta-
tistical training. Hence, the discovery of Simpsons paradox instances is a valid approach
for discovering surprising patterns from data, since the goal of data mining is to discover
patterns that are surprising to users, rather than to statisticians or data analysts

3.2 Algorithm for discovering instances of Simpson’s Paradox in
Flat Data

(Fabris and Freitas, 2006) suggested and came up with two algorithms that detect surpris-
ing occurrences of Simpson’s paradox in a flat data sample and in a hierarchical multidi-
mensional data sample. A flat file database is a database that stores data in a plain text
file. Each line of the text file holds one record, with fields separated by delimiters, such as
commas or tabs. Multidimensional Data on the other hand can be defined as that which
is comprised of multiple dimensions, such as space and time. For example, a temperature
dataset could have dimensions of latitude, longitude, altitude, and time.

This section briefly describes an algorithm for discovering instances of Simpsons para-
dox in "flat data" , stored in a single relation (corresponding to the universal relation of a
database system), which is the typical kind of data mined by most data mining algorithms.
This algorithm was further adopted by (Alipourfard, Fennell, and Lerman, 2018), where
they investigated how Simpsons paradox affects analysis of trends in social data. Accord-
ing to them, the trends observed in data that has been aggregated over an entire population
may be different from, and even opposite to, those of the underlying subgroups. It is very
important to take such records into account because if not, they can lead analysis to wrong
conclusions, which is our main goal in this thesis.

Short description of the algorithm: As in put, we have a list LG, which is a list contain-
ing user defined binary goals showing whether or not a certain situation occurred i.e. in
our test data case, we have a situation where by a fatality occurred from a shooting or not.
The algorithm there on proceeds to identify all the binary attributes or boolean attributes
(potential "first partitioning attributes") in the data and puts them into the list L1. It then
identifies all categorical attributes (potential "second partitioning attributes") in the data
and puts them into the list L2.
The list L1 can be a field in the data set that a user chooses, same for the list L2 but con-
dition being that the records in each of these lists must be different from each other’s.
The algorithm enforces the constraint that any goal attribute included in LG cannot be
included in L1 nor in L2. The output of Algorithm 1 consists of all instances of Simpsons
paradox found by the algorithm.
These instances can be ranked in decreasing degree of surprisingly-ness to the user, so
that a user with little available time can focus on the analyses of only the most surprising
instances of the paradox.

The algorithm in question is as shown below:
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Algorithm 1 Search for instances of Simpsons paradox in flat data
1: INPUT: list of user-defined goal attributes, denoted LG
2: Begin
3: Identify attributes that can be used as 1stPartAtt and put them in list L1
4: Identify attributes that can be used as 2ndPartAtt and put them in list L2
5: for EACH goal attribute G in LG do
6: for EACH first partitioning attribute A in L1 do
7: Partition population into Pop1 and Pop2 according to values of A
8: P(G1) = P(G = "yes"| A = 1)
9: P(G2) = P(G = "yes"| A = 2)

10: for EACH second partitioning attribute B in L2 such that B 6=A do
11: for i = 1,2 do
12: Partition Popi into m new populations Popi1 ... Popim, according to the values

of B
13: for j = 1,...,m do
14: P(Gij) = P(G = "yes"| A = i, B = j)
15: if ( P(G1) > P(G2) & P(G1j) ≤ P(G2j), j = 1,...,m ) or ( P(G1) < P(G2) &

P(G1j) ≥ P(G2j), j = 1,...,m ) then
16: OUTPUT the occurrence of the paradox to the user
17: end if
18: end for
19: end for
20: end for
21: end for
22: end for
23: End

The algorithm 1 (Fabris and Freitas, 2006) above searches for surprising occurrences
of Simpson’s Paradox in flat data sets. It is meant to return results showing that between
selected fields in a data set, taking them as Simpson pairs, there exists varying statistics
from when the data is analysed as a whole to when the data is separated into subgroups.
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Chapter 4

Over View

4.1 Over view of some Integrated Data Quality Assessment Met-
rics

Data quality is measured against a list of criteria called ’data quality dimensions’, like
timeliness, for instance. While ideally all of these will be of high quality, depending on
what you want out of your data you may decide to prioritise some dimensions over others.
So what metrics should you measure data quality on?
Organisations must deal with both the subjective perceptions of the individuals involved
with the data, and the objective measurements based on the data set in question. Subjective
data quality assessments reflect the needs and experiences of stakeholders: the collectors,
custodians, and consumers of data products. If stakeholders assess the quality of data
as poor, their behaviour towards the collected data will be influenced by this assessment
Some of the most common data quality assessment metrics as mentioned in the previous
chapter are: Completeness, Uniqueness, Timeliness, Validity, Accuracy, Consistency, to
mention but a few.
We have to know and keep in mind that our data is rarely going to be perfect, and that
we have to juggle managing our data quality with actually using the data. If we were
to take too much time ensuring its quality, then there would be no point analysing it,
because it would be far past its sell-by date. However, we should perform regular data
quality audits especially as we’re probably regularly collecting new data sets, to ensure
it’s as clean and useful as we can make it. We need to have good data so as to rely upon it
produce meaningful essential results and conclusions.
We are proposing in the following chapter, a novel metric based on the quality measure of
Granularity, that will check for instances of the Simpson’s paradox in an integrated data
set of which set has been merged together using any of the data integration methods out
there, and return warnings to the user that there are some inconsistencies in the integrated
dataset [if any], hence leaving the final decision to the analyst or user to decide on what to
do or not.
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Chapter 5

Methodology

Introduction

In this Methodology section of the thesis, we are presenting our proposed metric that we
are developing for the assessment of the Quality of Integrated Data. Detailed explanations
of the whole idea are mentioned in this section and experimental results shown too.

5.1 Proposed Simpson’s Paradox based Data Quality Assessment
Metric

We propose an Ad Hoc method to systematically check for Simpsons paradox instances in
a given dataset, considering column combinations and carrying out statistical calculations
on these combinations. We are looking for possible "trend" or "relationship" reversals in
the aggregated datasets comparing them with the disaggregated ones.
There are variables that we have decided to highlight of which are to be used as Simpson’s
pairs. Taking a variable α as the dependent variables in the dataset [that desired outcome
being measured], and we choose another variable β = (β1, β2, . . . , βm) the set of m inde-
pendent variables or features.
The objective of this is to identify pairs of variables (βa, βb), in our case columns from
the dataset, which we term as "Simpsons pairs", such that an observation between our
dependent variable α as a function of βa reverses or seizes to exist when the dataset is dis-
aggregated by conditioning on βb.

d
dβa

E[α|βa] > 0 : ∀βa;
d

dβa
E[α|βa, βb] ≤ 0 : ∀βa, βb;

The above condition is the focal point in our pursuit for the desired The Simpson’s Para-
dox based assessment metric.
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5.2 Our Algorithm

Algorithm 2 The Algorithm

1: Get Simpson’s Pairs [α, βa]
2: Make linear models of the pairs
3: Check Gradient and P-value of the model:
4: if Gradient is positive or negative & Pvalue > 0.05 then
5: There is NO correlation, Proceed
6: else
7: if Gradient is negative & Pvalue > 0.05 then
8: There is A correlation, Stop and Exit!
9: end if

10: end if
11: Disaggregate dataset w.r.t Simpson’s Pairs and βb a confounding variable from the set

12: Make linear models for all combinations got
13: Detect Paradox instances:
14: if (Gradient βb < α intercept) and (Gradient βb > 0) and (Pvalue βb <= 0.05) then
15: Report instance of Simpson’s paradox and count it
16: else
17: Report absence of instance of Simpson’s Paradox
18: end if
19: Return Reports counts

5.3 Experiments

We performed several experiments in order to help validate our metric. Below are the
detailed explanations of them:

5.3.1 The Synthetic Data set experiment:

Our first experimentation data was engineered in a way that it describes how Simpsons
Paradox accounts for a highly surprising observation in a fatal shootings study by police
in a certain part of the world.
In this experimentation, we chose a sample size of 100 people with statistics indicating
three particular races i.e. Black, White and Hispanic. The idea here was to check which
particular race of people commits the most crimes and then make conclusions that that
particular group of people would also be the most likely to face a fatal shooting from the
police of that area. In simple terms, it would mean that the higher the number of crime
offenders, the higher the likeliness of them being shot.
The role of this dataset is to help validate our algorithm which is intended to trace out
Simpson’s Paradox instances in a given dataset. On observation, we see that the most
number of people to commit crimes were whites with 37%, followed by Blacks at 35%
and finally Hispanics at 28%. One would be compelled to believe that for sure the above
hypothesis is valid. The initial observations of the datasets while still in disaggregates
shows the following statistics:
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Race Fatality Crime committed Total out of 100 samples

Blacks 29 12 35
Whites 11 3 37
Hispanics 24 14 28

TABLE 5.1: Statistics of the Synthetic dataset

Explanation of the dataset: We see that there are a total sample of 100 people in the three
data groups of races; Black, White and Hispanic. The total number of Blacks with Fatality
are 29, Whites 11 and Hispanics 24. Then we see that the total number of Crime committed
is 12 for Blacks, 3 for Whites and 14 for Hispanics. Finally, we see that the total number of
all out of the sample space for Blacks is 35, Whites 37 while 28 for Hispanics.
The dataset was engineered to have a bias towards the races of Black and Hispanic in order
to try and develop an algorithm to detect whether really there traces of the Simpson’s
paradox when the data is aggregated. From the algorithm, formulating the α variable, βa
variable and βb variable was as follows:

α variable βa variables βb variables

Fatality: Crime: Race:
Yes Yes | No Black, White and Hispanic

TABLE 5.2: Showing the α, βa and βb variables from the synthetic dataset

We formulated linear models for the α and βa variables and got the results reported in
the table below:

α = Fatality βa = Crime

Yes Crime = Yes gradient
0.673077 -0.06891

No Crime = No gradient
0.6042 0.0689

TABLE 5.3: Linear regression model results of the α and βa variable combi-
nations

Making analysis of the results, we can see that when the fatality is YES and crime is
YES too, there is no correlation at all between the two of them since we get varying signs
of both values. The other side shows that there is a correlation.
Creating models as required from the above algorithm 2, basing on the results in the above
table of NO correlation, the regression results reported the following outcomes:
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α = Fatality βb = Races

Yes Black gradient Black P-value
0.5577 0.2856 0.005

Yes White gradient White P-value
0.8606 -0.5417 0.000

Yes Hispanic gradient Hispanic P-value
0.5960 0.3084 0.004

TABLE 5.4: Linear regression model results of the α, βa and βb variable com-
binations from the synthetic dataset

Analysing the results, we can see that the α variable intercept in the models of Black
and Hispanics races is positive. The gradients of these two races are also positive and
finally their P-values are below our threshold of 0.05. This can give us a clear conclusion
that there are Simpson’s Paradox instances in the subgroups of Black race and Hispanic
race, which lies in line with our intention that led to the engineering of the data in the first
place. So this renders our algorithm 2 operational and valid to progress with in the next
chapters of our work.
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Chapter 6

Case Study

Introduction

In this study chapter, we take real life datasets collected by The Washington Post in the
United States of America. We use them as our test case scenario for the algorithm and
assessment of the integration method that we used to combine them.

6.1 The Fatal Force Data

The Washington database (Post, 2018), contains records of every fatal shooting in the
United States by a police officer in the line of duty since Jan. 1, 2015.
In 2015, The Post began tracking more than a dozen details about each killing includ-
ing the race of the deceased, the circumstances of the shooting, whether the person was
armed and whether the person was experiencing a mental-health crisis by culling local
news reports, law enforcement websites and social media, and by monitoring independent
databases such as Killed by Police and Fatal Encounters. The Post conducted additional
reporting in many cases.
The Post is documenting only those shootings in which a police officer, in the line of duty,
shoots and kills a civilian the circumstances that most closely parallel the 2014 killing
of Michael Brown in Ferguson, Mo., which began the protest movement culminating in
Black Lives Matter and an increased focus on police accountability nationwide. The Post
is not tracking deaths of people in police custody, fatal shootings by off-duty officers or
non-shooting deaths.
The Federal Bureau of Investigation and the Centres for Disease Control and Prevention
log fatal shootings by police, but officials acknowledge that their data is incomplete. Since
2015, The Post has documented more than twice as many fatal shootings by police as
recorded on average annually.
The Posts database is updated regularly as fatal shootings are reported and as facts emerge
about individual cases. The Post seeks to make the database as comprehensive as possible.

About the datasets The datasets have several fields each and these include:

1. Race, Which includes W: White, B: Black, A: Asian, N: Native American, H: Hispanic,
O: Other and None: unknown

2. Gender, M: Male and F: Female and None: unknown

3. The threat_level, this column was used to flag incidents for the story by Amy Brittain
in October 2015. As described in the story, the general criteria for the attack label

https://www.washingtonpost.com/graphics/2018/national/police-shootings-2018/?noredirect=on&utm_term=.fe4196e6ab46
https://www.washingtonpost.com/graphics/2018/national/police-shootings-2018/?noredirect=on&utm_term=.fe4196e6ab46
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was that there was the most direct and immediate threat to life. That would include
incidents where officers or others were shot at, threatened with a gun, attacked with
other weapons or physical force, etc.

4. Attack, this category is meant to flag the highest level of threat.

5. The other and undetermined categories represent all remaining cases. Other in-
cludes many incidents where officers or others faced significant threats.

6. Body_camera, News reports have indicated an officer was wearing a body camera
and it may have recorded some portion of the incident.

7. Fleeing, indicating whether a victim was running away from the officials or not

The threat column and the fleeing column are not necessarily related. For example, there
is an incident in which the suspect is moving away from officers (fleeing) and at the same
time turns to fire at gun at the officer. Also, attacks represent a status immediately before
fatal shots by police; while fleeing could begin slightly earlier and involve a chase.

6.2 Experimentation process

The datasets from (Post, 2018) are collected from each year since 2015 to 2018. These
datasets like explained in the previous section, we got them and integrated them using
Field Mapping or Data Mapping method.
In it’s simplest terms, Data Mapping is about relationships. In particular, it is the process of
specifying how one information set relates, or maps, to another. In our case, there were
four sets of data and we joined them together basing on the fields in each set as explain in
the previous section of the chapter.

6.2.1 Running Algorithm 2 on the (Post, 2018) datasets:

As requirement by the algorithm, we had to pick out Simpson’s Pair variables i.e. α and
βa variables, and also the confounding variables βb. The table below can help give a clear
overview of the pairs that were chosen for the test case:

Algorithm variables Corresponding Dataset columns

α variables 2
βa variables 2
βb variables 4

TABLE 6.1: Showing the number of α, βa and βb variables

From the above table, we formulated several column combinations for our linear mod-
els of the algorithm. These combinations are the ones that are fit in the models explained
in the previous chapter 5.
Due to the reason that whenever a disaggregation of a column occurs, the number of re-
sulting columns is exponential, we had to make a selection of those most relevant columns
and dropped off others. Mainly, this is due to dimensionality issues that arise when the
categorical data we have in our datasets is transformed into numerical.
Let us take an example of the model having its confounding variable (βb) as ARMED:
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• Having α = 2 possibilities;

• βa = 2 possibilities;

• βb = 75 possibilities.

From the above list, the resultant total models would be equal to 300. This in turn, a time
consuming process. The other consequent models from the other columns are: 12, 16 and
24.

6.2.2 Results:

Regression model results from the models of the first equations i.e. for the α = shot and
shot_and_tasered, and βa = signs_of_mental_illness are recorded in the table below:

α βa intercept values

Shot Signs of mental illness = YES
Gradient P-value

-0.032313 0.001456 0.947178

Shot Signs of mental illness = NO
Gradient P-value

0.032313 0.001456 0.914865

Shot and Tasered Signs of mental illness = YES
Gradient P-value

0.032313 0.001456 0.052822

Shot and Tasered Signs of mental illness = NO
Gradient P-value

-0.032313 0.001456 0.085135

TABLE 6.2: Linear regression model results from the Post dataset

The results in the table give us an understanding that there is a correlation between
getting shot while signs of mental illness ARE NOT evident and also a correlation be-
tween getting shot and tasered while signs of mental illness ARE evident. The other two
scenarios hold no correlation at all. These four models gave us the basis for creating the
others which have the confounding variable βb. In total, there are 52 models to run.

The other 52 Models’ results

We want to determine whether the previously obtained model results still stand when we
add in the confounding variables to the models and conclude that the initial assumptions
made still stand.

1. Confounding variable βb = "threat_level":
Created 12 models and the algorithm returned the following results instances of the
paradox:
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α βa (mental illness) βb (threat_level) SP instances discovered

SHOT TRUE attack YES
SHOT TRUE other NO
SHOT TRUE undetermined NO

SHOT FALSE attack YES
SHOT FALSE other NO
SHOT FALSE undetermined NO

SHOT_tasered TRUE attack NO
SHOT_tasered TRUE other NO
SHOT_tasered TRUE undetermined NO

SHOT_tasered FALSE attack NO
SHOT_tasered FALSE other YES
SHOT_tasered FALSE undetermined NO

TABLE 6.3: Algorithm results for the βb = threat_level

2. Confounding variable βb = "flee":
Created 16 models and the algorithm returned the following results instances of the
paradox:

α βa (mental illness) βb (flee) SP instances discovered

SHOT TRUE car YES
SHOT TRUE foot NO
SHOT TRUE not_fleeing NO
SHOT TRUE other NO

SHOT FALSE car YES
SHOT FALSE foot NO
SHOT FALSE not_fleeing NO
SHOT FALSE other NO

SHOT_tasered TRUE car NO
SHOT_tasered TRUE foot NO
SHOT_tasered TRUE not_fleeing YES
SHOT_tasered TRUE other NO

SHOT_tasered FALSE car NO
SHOT_tasered FALSE foot NO
SHOT_tasered FALSE not_fleeing YES
SHOT_tasered FALSE other NO

TABLE 6.4: Algorithm results for the βb = flee

3. Confounding variable βb = "race"
Created 24 models and the algorithm returned the following results instances of the
paradox:
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α βa (mental illness βb (race) SP instances discovered

SHOT TRUE asian NO
SHOT TRUE black NO
SHOT TRUE hispanic NO
SHOT TRUE native NO
SHOT TRUE other NO
SHOT TRUE white NO

SHOT FALSE asian NO
SHOT FALSE black NO
SHOT FALSE hispanic NO
SHOT FALSE native NO
SHOT FALSE other NO
SHOT FALSE white NO

SHOT_tasered TRUE asian NO
SHOT_tasered TRUE black NO
SHOT_tasered TRUE hispanic NO
SHOT_tasered TRUE native NO
SHOT_tasered TRUE other NO
SHOT_tasered TRUE white NO

SHOT_tasered FALSE asian NO
SHOT_tasered FALSE black NO
SHOT_tasered FALSE hispanic NO
SHOT_tasered FALSE native NO
SHOT_tasered FALSE other NO
SHOT_tasered FALSE white NO

TABLE 6.5: Algorithm results for the βb = race

The results from the algorithm displayed in the tables above can help us decide as to
whether the method we used to do our integration was done well or not depending on the
initial conclusions that were made on it or not.

6.3 Validation

The goal of data integration is to gather data from different sources, combine it and present
it in such a way that it appears to be a unified whole.
The data integration process mainly focuses on new information. What actually data inte-
gration processes do is it create a way between a new data model and an old data model
and make them connected to each other. By connecting both of the new and old data mod-
els it gets easier to access data from both of the sources. You can say it creates an argument
between the new and existing data. Our assessment metric was developed for the sole
purpose of making sure that this reason is kept in check and upheld.
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6.3.1 Measure of acceptance

To make valid claims of the results that the algorithm in our metric produced in the tables
above, we have to formulate a way of acceptance or measure of quality of the metric as
compared to the data on which we are running it. To do this, we have to consider the
number of instances found as a percentage of the total columns or fields on which the as-
sessment was based. That is to say:

Number_o f _Simpson′s_Paradox_instances_seen
Total_number_o f _column_combinantions_made

× 100 (6.1)

The final decision is left to the user to put a limit to the percentage seen or acceptable
depending on their organisation’s needs and goals.
From the results in the tables above, we can calculate a measure of acceptance as follows:

• We saw 7 instances of the paradox from a total possibility of 52. So...

7
52

× 100 (6.2)

• Hence the percentage of instances seen as is 13.5%

• The percentages of acceptance should be chosen depending on the organisation’s
needs or goals

6.3.2 Conclusion

The level of detail at which data is collected is important, because confusion and inaccu-
rate decisions can otherwise occur. Aggregated, summarized and manipulated collections
of data could offer a different meaning than the data implied at a lower level. An appro-
priate level of granularity must be defined to provide sufficient uniqueness and distinctive
properties to become visible. It is therefore important to have a way of assessing this and
making sure that the initially intended outcomes and conclusions about the data still hold
meaning.
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Chapter 7

Conclusion

Introduction

In this last chapter, we present the way forward, future possible works on our assessment
metric and our conclusive remarks, to make it worthwhile for implementation

7.1 What we have done so far

We can give a recap of the work that we did in our thesis and draw some conclusions from
there on:

• Our goal was to come up with a way to assess Integrated Data while looking for
traces of the Simpson’s Paradox in the data segments. The amount of found instances
of the paradox in turn would give us grounds of assessing whether the integration
was done properly or needed more modifications

• After creating the algorithm and running it on the synthetic dataset that we gener-
ated, results showed that indeed the initial intentions of the algorithm and one of the
goals of our work was achieved since it returned instances of the Simpson’s paradox
that were intentionally included in the synthetic dataset.

• Using the field mapping integration method on our case study datasets, we later on
run the algorithm on the resulting integrated dataset. Results showed that in some
cases there were no instances and in a few of them, there were.

• The results returned a small percentage of instances of the Simpson’s paradox com-
pared to the total number of granularly segmented sets of the whole dataset.

• We can conclude that our metric traced and found instances of the Simpson’s para-
dox in the case study dataset, while having used one of the most famous integration
techniques. But the instances found do not give a strong persuasion to declare that
the integration was done insufficiently.

• We therefore urge that more refinement need be done on our algorithm and more
research needed to develop a more sophisticated metric that will address any issues
concerning our topic

7.2 The way forward

Surely as long as the world has not ended yet, there are always better ways of doing
something and our metric is not an exception to this. There is still a lot of work to be done



34 Chapter 7. Conclusion

on it and make it more robust and reliant. For example, in future works, we are planning
on using different more sophisticated machine learning techniques of models like Support
Vector Machines, Kernels and many others to help in the creation of better models for the
metric.
There is still a long way to go in order to better the metric and more research work is
needed to make this a reality.

7.3 Conclusion

There are many elements that determine data quality, and each can be prioritized differ-
ently by different organizations. The prioritization could change depending on the stage
of growth of an organization or even its current business cycle. The key is to remem-
ber you must define what is most important for your organization when evaluating data.
Then, use these characteristics to define the criteria for high-quality, accurate data. Once
defined, you can be assured of a better understanding and are better positioned to achieve
your goals.
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