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Abstract
Higher education (HE) providers in the UK currently submit summary information about their
courses for display on the Unistats website. A course’s information is known as a Key Information Set
(KIS). Recent sector consultations have suggested a move away from central presentation, towards
mandating HE providers to display KIS on their own websites. In order to regulate this information in
the student interest, some judgement may be required on its compliance with regulations. This
project investigated the possibility of reducing human effort in regulating the future display of KIS.
The main problem associated with regulating information on websites is one of text classification.
Supervised Machine Learning (SML) algorithms were investigated for use in text classification within
this specific domain. They were assessed according to several performance metrics, and
benchmarked against both random and rulebased classification approaches. The current availability
of KIS information on HE websites was not favourable in producing a SML classifier to seek other KIS
information. However, success was found in using a Naïve Bayes classifier to generally identify
course information from noncourse information. The main recommendation from this project is
that automatic classification is possible in this domain, and will become more viable for KIS
information as universities update their pages. A Naïve Bayes classifier for identifying course
information, decorated with a key word classifier to flag potential KIS information, could be the best
solution.
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Introduction
Context
Key Information Sets and Unistats
Since 2007, prospective higher education (HE) students have been able to access information on HE
courses through the Unistats web site (HEFCE, 2012). Information on the original Unistats website
was primarily from the National Student Survey (NSS) and Destination of Leavers from Higher
Education survey (DLHE). In November 2010 HEFCE published an open consultation on public
information about higher education, specifically on changes to the information published by
institutions (HEFCE et al., 2010). The consultation proposed the creation of a Key Information Set
(KIS) for each course at an institution, where applicable. Contents of the proposed KIS were based on
research aiming to find out what information prospective students find most useful for determining
the relevance of the course to their academic preferences.
Outcomes and responses to the consultation were published in June 2011. They were broadly
positive and HEFCE’s document provided “next steps” for applicable institutions in England (HEFCE
et al., 2011). Through further technical guidance (HEFCE, 2011) and updates, the KIS structure and
plans for its display on Unistats were refined. Originally it was intended that universities display each
full KIS on their own website, but this was found to be impractical by the sector. Instead, it was
decided that a new version of Unistats would be launched in September 2012 and act as a central
point for KIS (HEFCE, 2012). Universities would display an extract of KIS data on their own course
pages via a widget linking directly to the corresponding Unistats page.
Unistats has remained the central location for KIS data since the redesigned site was launched in
2012. In 2015 the HE funding councils launched a joint consultation on the future of Unistats, the
NSS and information to be published by institutions from 2017 (DELNI et al., 2015a). Information
published by institutions is the data focus of this project, relevant responses to the 2015
consultation and expected next steps were publicised in August 2016 (HEFCE et al., 2016). Amongst
other changes the HE funding bodies agreed: to remove detailed course information from Unistats;
transfer responsibility of tuition fee display to institutions; and develop requirements for the way
information is presented on institutional websites, these guidelines will be complete in late 2016 for
implementation by September 2017.
The exact data items that the funding councils expect institutions to display for the 201718
academic year are yet to be finalised; fee information has already been agreed, but as the scope of
Unistats is reduced then institutions could viably be asked to display some of the data that was
previously available.

Figure 1: Screenshot from a Cardiff University Accounting BSc, featuring the Unistats widget (CardiffUniversity, 2016).

Figure 2: A screenshot from the equivalent Cardiff University Accounting BSc Unistats page (Unistats, 2016).

Resourcing KIS at HEFCE
During the current incarnation of Unistats, HEFCE has collated KIS returns from Further Education
Colleges (FECs) in England and Wales. HEFCE runs a KIS submission system, where FECs upload their
data with the aim of obtaining valid, signed off data before a deadline for the next academic year.
Several members of staff at HEFCE are involved in the design and maintenance of the KIS sign off
system, which although burdensome does ensure that all the data to be displayed on Unistats has
been through a validation process. Collecting KIS specific data is not an entirely simple task for the
institutions involved either, with the majority reporting at least some areas are challenging or
burdensome to produce (DELNI et al., 2015b). Moving a portion of detailed information away from a
central point, such as Unistats, could theoretically reduce the burden at HEFCE. However, if
institutions are required to display certain information in a clear and comparable manner, then
presumably a body acting on behalf of potential students would be required to check this was
happening.

Figure 3: Diagram of HEFCE’s KIS submission system, used by Further Education Colleges (HEFCE, 2016).

Assuring Compliance
It is clear the sector is moving away from a single central point for undergraduate HE information.
During this transition and afterwards, a problem of how a regulator might ensure compliance arises.
The main issues to solve in assuring compliance with information standards are:
1. There are currently 369 institutions on Unistats, even checking the compliance of course
information from a single course at each institution is daunting.
2. Checking a single course is unlikely to satisfy a requirement of ensuring compliance.
3. Alternative providers (APs) will also soon be required to comply with information standards,
further increasing the number of institutions who need assessment (BIS, 2015).
4. The data and web pages are changeable without notice, meaning any assessment of
compliance could quickly become out of date.
5. At minimum, a basically trained eye would be required to make an assessment of
compliance.
6. Splitting the assessment up in to more manageable pieces for individuals introduces
problems of consistency; how could it be assured that each person assesses page content in
the same way?
Competing aims of decentralising data display whilst efficiently assuring compliance provided the
context for this project to become relevant. Primary difficulties in a human based approach to this
task are size (number of pages), time constraint and classifying potential compliance. Usefully, the
size and time constraints of visiting many web pages can be handled through web scraping; and
since compliance is related to a textual document, we can use text classification algorithms to assess
compliance.

Aim and Deliverables
The overall aim of this project was to produce a system that could reduce the human effort in
inferring an institution’s compliance with information display requirements. To achieve this, the

system would have to access course information pages, recognise them as such and then make an
assessment on each page’s compliance. This aim has been translated into two major deliverables:
1. A web scraping bot that could crawl a given domain and return text content from web
pages.
2. A document classification model that could, at minimum, classify text content against two
classes: “course information” and “not course information”. Further classes relating to levels
of compliance can be introduced as the model is refined.

Web Scraping Software for Data Collection
Guiding Principles
In order for the classifier to be developed, text data was required from institutional web sites. Given
a set of base URLs, this task can be fully automated using Web scraping. Web Scraping is one term
given to the process of automatically downloading HTML from the internet and parsing it for content
(Brody, 2012). Modern websites tend to be created with common structure between their pages,
when this structure is understood then particular data in a web page can be targeted. In this project
all human readable content was of interest, so the HTML was parsed not to target particular objects
but simply to remove HTML tags. Bots that carry out web scraping will create more work for
themselves by collecting links to other pages from their current target, or by understanding the
website’s URL structure and altering it accordingly. Web scraping is an easily achievable task at the
basic level, with languages like Python offering useful libraries such as lxml, requests and Scrapy
(Reitz, 2016, Scrapy, 2016). However, the industrial setting of this project lead to a desire for a high
level of control over the web scraping bot(s) and also the ability to easily substitute or tune
components to better serve future data collections.
The entire code base of the project was influenced by the contents of two books in particular;
primarily through reading all of the generic design pattern guidance from Dependency Injection in
.NET (Seeman, 2012) and, secondarily, the opening chapters of Agile Modelling (Ambler, 2002).
Software engineering and design patterns are topics worthy of entire projects in themselves; there’s
no implication here that the areas have been fully covered in preparing to write code for this project.
Instead, a pragmatic approach was adopted, drawing on the books mentioned, experiences gained
through the MSc course and example code bases/advice from those with greater experience at
HEFCE. This approach favoured a simplistic design of connecting several discrete components, each
responsible for its own task (separation of concerns (Makabee, 2012)), along with unrefined
modelling in the early stages. Models were hand sketched, making reference to: possible structuring
of components; seams that would join them; data flow through a large idealised application; and
tasks different potential users should be able to achieve (see Appendix A). The models did not
represent the final code but they did help to shape my thinking and structure my approach in
development; which is an aim of agile modelling as described in Ambler’s book. Seeman’s
explanations on Dependency Injection were very compelling and have changed how I structure
programs to favour ease of adjustment, maintenance and unit testing. It wasn’t within my current
technical understanding to implement a full Dependency Injection framework. The currently
favoured system at HEFCE is Castle Windsor (CastleProject, 2014), and I would hope to be able to
use this in the future. Despite no official framework, I was able to gain many benefits by passing
dependencies through a class’ constructor and storing them for later use. Whenever a class would
be accepting dependencies, I created an interface and specified that as the type to expect. Concrete
implementations of functionality inherit the appropriate interface, ensuring they meet the
“contract” of expected functions and return types. In this way, any class that correctly inherits the
interface can be passed in to the waiting class as a dependency (Jensen, 2009).
When considering the data collection requirements of the project, I wanted and was encouraged by
HEFCE towards limiting bot activity. Together it was decided to limit requests to individual domains

to around 500 in any 24 hour period and no more than one request every two seconds. Reasons for
this revolved around not wanting to place unwelcome burden on institutional web servers; the
numbers are arbitrary but should not tax even a small environment. It was also decided that
robots.txt files would not be parsed before access and that bots would be identified with my
organisation and name in the user agent string. A full ethical discussion on web scraping is beyond
the scope of this project but the approach hasn’t yielded any enquiries yet, aggravated or otherwise.
At the time of writing, multiple tens of thousands of pages have been collected. I decided that the
architecture behind each bot should allow for multiple to be run simultaneously without conflict.
Conflict in this case would have meant bots visiting the same pages and making wasteful requests, or
visiting the same domain and possibly breaking the rate limiting.

Main Components
From the guiding technical principles and ethical considerations, it became clear the bot itself could
be a simple program, following a loop of accessing a page, parsing links and human readable content
which were then stored in a database. The database would be a central point to coordinate the bots
as it would have view of all the available information; removing the need for bots to communicate
with each other or make decisions for themselves. A low access rate for each bot also meant that a
traditional Relational Database Management System (RDBMS) would manage data fast enough to
not become a major bottleneck. Relational databases are commonly used by HEFCE and in general
for business applications. The need to keep relations between tables up to date can cause
performance issues when dealing with many concurrent requests, making any API built on top of the
database slow to respond. Through careful structuring of queries and experimenting with the
frequency of requests made by bots, a stable database structure capable of running on a basic
machine was achieved. Whilst individual bot performance was of little concern, the project did
require the capability to collect the 500 daily pages from a variable number of domains; making the
overall performance and scalability of the system a higher priority. For this reason, I chose to make
the bots communicate with the database through a web API, sending data through HTTP requests.
Using a web standard communication protocol means the bots and database can be hosted on one
machine for a compact, small collection; then if a larger dataset is required, they can be easily
moved to multiple machines communicating via a specialised web server and storing data in a fully
tuned database server.

Figure 4: Diagram showing the interactions between the bot(s), web API and database.

Normally in the early stages of any coding task a name for the overarching project is required,
especially when written in C# (as this project is) with its heavy use of namespaces. Code in this
project was written under the namespace mScrape, as web scraping is a main task and an “m” prefix
also allows the course’s award category of MSc to be included.

Web Scraping Bot
mScrape.webBot is the solution containing all the required interfaces and their concrete
implementations for the web bot to request pages, parse their contents and communicate with the
service API. There is purposefully an easy to follow thread of execution through the steps that the
bot takes, this main logic is stored in bot.cs and executed via the Start function.

public void Start(){
while (true){
// get work from the API
foreach (page in work){
// access the page
// parse human readable content
// parse links to other pages
}
// send the links back to the API
}

// send the human readable text back to the API

}
Pseudocode 1: mScrape.webBot.bot.cs

Each of the main actions of the bot is handled by an appropriate implementation of an interface, all
of these are passed in via the bot’s constructor. The pseudocode above is very close to the
functional code, demonstrating the clean separation between high level operation and technical
implementation that is possible with the design pattern. Because these interfaces were designed to
aid in separation of concerns, their public members are selfexplanatory. The particular
implementations used for most of the project made use of Selenium for page requests, HTML Agility
Pack for parsing text and links from the raw HTML and RestSharp for communicating with the API
(HtmlAgilityPack, 2012, RestSharp, 2016, SeleniumHQ, 2016). Selenium is worth a further mention as
it allowed me to ensure the source code being downloaded was as close to what a human would be
served as possible. Most often, Selenium is used for regression testing web applications because it
allows the user to automate a number of different web browsers. Using a full browser ensured
HTML that would be created on page load had completed before downloading the source. As
performance of each bot was already throttled, the overhead of using a browser versus a direct
request (or headless browser) was irrelevant.

Communication with the Database
Once data is passed back to the web API by the bots, it moves through further layers of abstraction
that represent a data repository and data context. A data repository receives the data from the API
and then takes some appropriate action using the data context. A repository was mainly used in this
case for future development; the benefits of separating business logic from data access are very
desirable, as is the ability to cache data centrally, but at this point the repository simply passes calls
straight through to the data context (Microsoft, 2007). Keeping a data context separate from the API
means that a new technology for data storage could be more easily substituted into the application;
the project currently utilises SQL Server but HEFCE also heavily utilises SAS.
In the current configuration, different calls to the web API relate directly to individual SQL stored
procedures; all of the SQL database objects vital for operation are stored in the mScrape.database
solution. spGetWork is the procedure that encapsulates all the logic controlling what pages a bot
requests, whilst making sure the c.500 page limit isn’t broken and that each bot should be crawling a
separate domain. Bots “should” be crawling separate domains, but the application could be

configured to mean this wasn’t the case. Normal operation would mean that many more domains
were being crawled than bots being used, so each call to spGetWork cycles through the list of
domains and serves work back to the waiting bot; if only one domain was being searched and many
bots were used then all would search that domain and the rate limiting of one page every two
seconds would be easily broken. Edge cases such as this would be accounted for if the main focus of
the project was an industrial grade web crawler; as the web bot code is a secondary but worthwhile
side effect, user interfaces and edge case handling haven’t yet been implemented.
When operating with data that has already been classified and stored in the “classified” table,
spGetWork is able to prioritise work for bots according to where course information has been found
in the past. This is achieved by calculating a rate for how many of the leaves at each node previously
served have been classified as course information. For example, if bots have already visited ten
pages attached to the parent node someUniversity.ac.uk/courses then the hit rate for that
node is the number of pages classified as course information divided by ten. If all ten pages were
course information then the hit rate is one and other pages beginning
someUniversity.ac.uk/courses would be crawled as a priority. The number of course
information pages found at a node serves to break ties where the hit rate is the same, finally if both
of those measures are equal (which is possible when bots request small amounts of work) then a
random selection is used. Prioritising work for the bots in this way adds both protection against false
course information classification and works well with how many universities structure their web
pages. Protection against false positives is offered because as the classifier assesses more pages
from the node then the hit rate is likely to quickly drop below that of a node actually representing a
root for some course information. With the prevalence of content management systems and a
unified web site for each institution covering courses in multiple academic schools, many chose to
structure their sites with a common root for course information (either all course information or
sometimes at a more granular level like undergraduate versus postgraduate or school). Prioritisation
based on previous outcomes therefore causes the bots to gravitate towards course information,
which anecdotally tends to link to further course information as pages suggest similar courses in the
school or subject. This is of course subject to the system having a classifier that is accurate enough,
the tuning of classifiers for this purpose is discussed later.

Figure 5: Entity relationship diagram of the underlying database.

Example Web Scrape
For the purpose of clarity it may help to have an example of how the bot would operate on a simple
web page.

Figure 6: A simple web page rendered in Google Chrome.

The simple page above was hosted statically on my machine, so Chrome defaulted to the “file”
protocol rather than HTTP(S), but the effect is the same. Like other web pages, this simple page is
built using HTML, Hyper Text Markup Language.
<!DOCTYPE html>
<html lang="en">
<head>
<meta charset="UTF-8" />
<title>Simple Page</title>
</head>
<body>
<style> a {color: gray} </style>
<p>This is a simple page.</p>
<p>With a link to <a href="http://www.google.co.uk">Google</a>.</p>
<script>console.log("hello, World!")</script>
</body>
</html>
Figure 7: HTML for a simple web page.

Despite being simple, this web page demonstrates the parsing issues that the bot deals with before
passing the human readable content back to the database. Comparing the rendered page to the
source HTML shows there’s a lot more information contained in the HTML document then the text
for a human to read. In this project, we’re specifically interested in what a University provides for
people to read though, so all the extra information will need to be removed. First, “style” and
“script” tags, which are not rendered on the page are removed.
<!DOCTYPE html>
<html lang="en">
<head>
<meta charset="UTF-8" />
<title>Simple Page</title>
</head>
<body>
<p>This is a simple page.</p>
<p>With a link to <a href="http://www.google.co.uk">Google</a>.</p>
</body>

All the human readable content (except the title) of a webpage is contained within children of the
“body” tag, so everything not in the “body” tag can be ignored.
<body>
<p>This is a simple page.</p>
<p>With a link to <a href="http://www.google.co.uk">Google</a>.</p>
</body>

Next, all the HTML tags are removed.
This is a simple page.
With a link to Google.

Finally, white space is compressed and the result will be sent back to the database.
This is a simple page. With a link to Google.

The simple page is now represented in one string, which can be easily stored in a database and later
recalled for classification. Actual webpages are obviously more complicated than the example here,
but broadly the approach worked to strip nonhuman readable data from the source code. The
approach did seem to not cope with the “iframe” tag very well though. An iFrame is a way nesting
HTML documents that perhaps confused the way I had coded this stage of the bot. For an example
of a real world web page and the output after the bot parsed it, refer to appendix B.

Text Classification
Algorithms for text classification have been well utilised and explored within machine learning, data
mining and related areas (Aggarwhal and Zhai, 2012). A complete dissection and comparison of text
classification techniques warrants a project in itself, therefore this section aims to provide a small
grounding in the major terms and techniques used. Two excellent sources of information for this
section were descriptions provided in Aggarwhal and Zhai’s chapter of Mining Text Data, “A Survey
of Text Classification Algorithms”, and the contextual examples available in Witten et al.’s book
“Data Mining, Practical Machine Learning Tools and Techniques”. There are many technically
complex texts available on this subject, but these two provide a detailed enough explanation to
practically implement classifiers.

Classification Overview
The use of algorithms to classify data or objects is often introduced with an example in which species
of the iris flower are classified based on sepal and petal measurements (Fisher, 1936). Classification
in general is a problem associated with knowing some properties of an object and having a class
assigned to the object based on them. Different situations of classification will lend themselves
towards “soft” or “hard” versions, where the former implies finding the probability that an object is
of a certain class and the latter makes a clear categorical assignment.
In many applications, rule based classifications are used in isolation and will be familiar to anyone
with basic programming knowledge. The structure of “if (comparison is true) then… else...” is a
fundamental concept in most programming languages. Such a rigid structure of black and white
judgements is sufficient in situations where all the variables for comparison are known and
accounted for. Traditional rigid data structures with a small number of properties and clear
boundaries between classes lend themselves well to this kind of processing. However in a datarich
environment this approach quickly becomes cumbersome and impractical, as the number of rules
and exceptions to rules multiplies rapidly (Guruswamy, 2015). Writing a large of amount of strict rule
based statements often makes it difficult to assess what impact changes to code will have, leading to
difficulties maintaining or updating key pieces of logic. Unfortunately updating the logic will also be a
regular requirement if code deals with highly changeable real world data, especially when the data is
semi or unstructured.
In the context of our study, institutional websites may potentially hold more variety than can be
processed by simple rules. Rather than manually creating classification rules, we can exploit readily
available training data to implement a supervised machine learning approach instead. There is a
large variety of such approaches that can be used. According to “no free lunch” theorem, there is
not a single machine learning algorithm that will consistently outperform all other methods. In other
words, the best performing algorithm depends on the type of problem at hand and the data
available. This means that an algorithm appropriate for the given problem and data available, should
be chosen after systematically evaluating a range of different algorithms. This can be achieved by
crossvalidation and comparison of the results achieved on the training data. Evaluation of classifiers
is discussed following a brief introduction to some commonly used algorithms in supervised machine
learning.

Supervised Machine Learning
Approaches to machine learning can be split into one of three categories: unsupervised, where
algorithms assign classifications to data according to similarities, and with no previous knowledge of
the domain; supervised machine learning (SML), where a corpus of prelabelled data is fed into the
algorithm for comparison with new data, before categories assigned; and semisupervised learning,
which attempts to overcome shortcomings of the previous two methods through combining them
(McNulty, 2015, Aickelin, 2015).
Supervised learning mimics the way that skills are seemingly passed between people in formal
education. With enough examples from the domain, showing differing properties and their effect on
outcomes then a learner can start to predict future outcomes in the same domain. The main
challenge with this approach is providing enough labelled examples to the algorithm to reliably train
it. The dataset containing labelled examples from the domain is known as the training data. Training
data must contain examples of all the classes the final model is expected to identify. This makes
training data specific to the domain that a classifier will operate in. If the classifier will be
differentiating types of news article, it must be trained using data containing all the types of news
article it may reasonably encounter. Even when the number of classes to identify is small, if the
domain features highly variable information then the training data will need to cover a wide area.
This increases the number of training instances required, which will all need to be labelled manually
and could cause a bottleneck.
In this project, I chose to explore the use of supervised learning algorithms. I found several
institutional websites had a structure that allowed automatic labelling of pages. This is a feature
particular to the domain and couldn’t necessarily be relied upon in a future project, but here it
offered the opportunity to collect a relatively large amount of labelled training data with very little
human effort. The labelling was achieved through URLs from specifically chosen institutions, there is
no guarantee that others would follow the same pattern; this labelling isn’t a viable pattern for a
classifier itself. As an aside, I did attempt to have the bots crawl sites given keywords in URLs, but
tuning the bot for use on one site made it too specific to be of use on others.

Naïve Bayes
In any body of text, each word imparts different amounts of influence over how the larger body
might be categorised by a human. This influence varies by the word, their context and location in a
document. For example, a word in a title might give a heavy indication as to the category of some
text. This thinking is intuitive to humans, but complex to represent in an algorithm. A simpler
approach is to treat every word, regardless of context, as if it has equal effect on the outcome of the
classification. Training data can be used to determine probabilities for each word being present in a
document of a particular class. When a new document is passed through the classifier, then it is
classified according to the probabilities of those words present in both the model and new
document. This is the approach of Naïve Bayes; the “naïve” refers to the assumption that word order
and context have no influence on the outcome (each word is an independent event), and “Bayes”
refers to Bayes’ rule. The naïve assumption is important, because without it then it is mathematically

incorrect to multiply the probabilities from each word. Bayes’ rule is essentially multiplying the
probabilities that each word is related to the class in question, which is a much simpler calculation
than accounting for word order and/or location with the document.
Baye’s rule states that with an hypothesis H and evidence towards that hypothesis E, the probability
of H being true is given as:

Figure 8: Baye’s rule, from Witten et al.

The “Pr[ | ]” notation is used to say the probability of one thing, based on another. So Pr[H|E], is the
probability of the hypothesis being true given the evidence. Each classification can be seen as a
separate hypothesis, so Pr[H|E] will be calculated for the hypothesis that the document is course
information, then noncourse information, then Unistats information. Knowing the probability that
each word in a group of documents holds for each class (Pr[E|H]) and the “prior probability” (Pr[H])
then Pr[E] can be ignored. The prior probability is the general probability that a hypothesis is true
given the past examples, in this project Pr[H] for each hypothesis would be the proportion of each
document class in the training set. Pr[E] can be ignored because it will be the same between classes,
therefore values obtained purely from the top part of the fraction can be compared.
Witten et al. describe Naïve Bayes as having a reputation for being fast and quite accurate, which
would be useful features in a real time application of the finished project, if it is also the case in this
domain.

Nearest Neighbour
A nearest neighbour algorithm takes a set of labelled data and delays its work until classification
time, when it will attempt to find the closest representation(s) of an unlabelled instance in its
labelled set. Imagine a real world example using physical neighbours in a street or small community.
A “nearest neighbour” in this sense is not simply the person living in the next house, but is a person
whose wider attributes closely relate to yours. If all of person A’s characteristics are known and
identical to person B’s, it is not unreasonable to predict an unknown characteristic of person B to be
the same as person A’s. This is a simplified nearest neighbour approach, but is an approximation of
how the text classification could work. In training the classifier, the model receives a list of
classifications that have attached frequencies or Boolean “present/not present” values for a list of
words. When an unclassified document is passed to the classifier, then the model will attempt to
locate the item(s) in its training data that is most similar. The known classes of the neighbour(s) will
be used to classify the unlabelled document.
Nearest neighbour classification is known as “lazy” because of the delay in work, it has advantages in
domains where there are huge amounts of data. It is reportedly used to great affect by large online
retailers for suggesting products to customers based on people who represent their nearest
neighbour |Abernethy, 2010, Data mining with WEKA`, Part 3: Nearest Neighbor and serverside

library~. This has advantages over other machine learning algorithms in that online retailers tend to
have a vast amount of data, meaning preprocessing recommendations for customers based on all
the available data is inefficient. Nearest Neighbour’s “lazy” approach also means recommendations
are only generated when required and using fewer points of information, assuming there is an
effective search strategy for the nearest neighbours.

Random Tree
A tree algorithm constructs nodes at which decisions are made, outcomes at nodes will process an
instance in the direction of a classification (Brownlee, 2016). A simple binary tree can be used to
classify objects, the tree is “binary” because at each node a comparison is made that results in a
“yes” or “no” answer. It would be trivial to construct a binary tree that grouped models of car, for
instance, by having nodes checking for engine size, number of seats, number of doors etc. Random
Tree classifiers are based on the traditional decision tree model, except in this case only a randomly
chosen selection of attributes are available at each node. A logical extension of the Random Tree is a
Random Forest. Random Forest classifiers combine multiple Random Tree classifiers and average the
classification result across them.
As a tree method attempts to keep on splitting instances into their respective classes a tree can end
up large, with single instances at the ending leaf nodes. The decision nodes immediately above these
leaf nodes will be very specific to the instances below them. These nodes are now too specialised
and less useful in a production environment. This is one way that Tree methods can become over
fitted. A stopping criterion can be used to set a minimum number of instances to have at each leaf
during building the tree, or pruning can be used afterwards to remove those branches that have
become too specific (Brownlee, 2016).

Support Vector Machine
Joachims’ 1998 conference paper on the use of Support Vector Machines (SVM) for classifying text
data has been cited over 7.5k times according to Google Scholar; proving the topic of SVM use is
popular within the machine learning domain (Joachims, 1998). Joachims lists their benefits for use in
text classification based on strengths of: being able to deal with high dimensionality; and, success in
domains where classes are linearly separable. In text classification, the number of words (features)
chosen in the training and subsequent unseen data is also the number of dimensions in the problem.
It is trivial to see that even medium sized documents may have many thousands of words within
them. Approaches that do not scale well with increased dimensionality therefore rely on reducing
the number of words used to make a classification. In this project the data was limited to a 1000
word vector for each instance. Joachims argues that in text classification there very few irrelevant
words and therefore as many as possible should be included; making use of an SVM an obvious
choice. Regarding types of document being linearly separable, this refers to classes being
distinguishable by a linear “decision surface”. In a two dimensional problem represented on a graph,
this would be a straight line. Joachims gives the example that many of the Reuters news agency
categories are linearly separable, I have not assessed the linear separability of this domain’s classes
however.

Figure 9: Linearly separable classes in two dimensions (Kawaguchi, 2000)

In the example above the classes “O” and “X” are linearly separable in two dimensions, because a
straight (linear) line can be drawn between them. Picturing a similar graph for 1000 dimensions isn’t
required, the point Joachim’s makes is that different document classes don’t tend to mix up with
each other. A document tends to either be of one type, or another.

Evaluating Classifiers
When a classifier has been trained using labelled data it is important to assess its accuracy against
separate test data in order to have an estimate of how well it will perform on unseen data once the
system is deployed in practice. The test data should not have taken any part in building the classifier
under test. In this project that would mean using entirely different institutional web pages for
training and test data. Accuracy in relation to the training data will likely be an overestimation of the
classifier’s performance, because the classifier has been built with this specific training data in mind.
Consider a classifier that is 100% accurate at making categorical assignments against its training
data, because it already has full knowledge of every instance’s class. Such a classifier could comprise
100 “if” statements for 100 instances to be classified, assigning a class because each instance’s ID
has been hardcoded into the corresponding “if” statement (“if (ID = 1) then class =…”). This classifier
would have seemingly perfect performance against the training data by a simple measure of
accuracy. It might seem reasonable to declare this classifier as 100% accurate, but it is clear that this
classifier will fail dramatically when fed new data. Even if the new data contains an ID property to be
assessed, any correct classification will be based on the chance that the new data contains instances
with the same ID and class as the old data. This is an extreme example, but the classifier is suffering
from “overfitting”; it has become too specific to one dataset to be useful in a general context. A
difference in accuracy against training data compared to test data can indicate to what degree the
classifier suffers from overfitting. A smaller difference could indicate greater stability in the classifier,
but of course without necessary accuracy then the classifier would still be inappropriate. As this
project deals with web pages, there is a very wide scope for the content of the data that will be
encountered. Because of this, a classifier with a small reduction in accuracy from training to test
could be desirable, likely more so than another that has a higher test accuracy but larger difference
to its training accuracy (assuming both have baseline accuracies that are high enough).
Keeping in mind what’s previously been said about training versus test data, there is a method
known as cross validation that is available to help assess performance against training data more
accurately. Cross validation is useful in situations when labelled data is sparse and/or there is a

reasonable degree of randomness in the classifying algorithm (breaking ties, random start points
etc.). In cross validation the term “fold” refers to the number of times a classifier will be constructed
and tested, the accuracy of each fold is averaged for a final result. For each fold, a proportion of the
training data is excluded from creation of the classifier, and then used in place of “true” test data to
assess accuracy. For example, a 10 fold cross validation using a dataset of 100 instances: in fold one
instances 110 are excluded during training and then used as labelled test data; in fold two instances
1120 are excluded whilst a new classifier is created, then again the accuracy is assessed with the 10
excluded instances. The method continues in this way until all 10 folds have been used to make a
classifier and tested. A final accuracy figure obtained through cross validation can still suffer from
the issues discussed earlier, but extremes of performance should have been evened out by the
averaging process.
So far, we’ve only discussed classifiers in terms of one measure, which is accuracy; the overall
percentage of correct classifications that it makes. At this point a distinction should be made
between the four types of result that a classifier can achieve for each instance. The four categories
of result are combinations of true/false and positive/negative predictions. In a situation where a
classifier was attempting to assign a class labelled by letter, the following table shows the possible
results with respect to the class A; this kind of table is known as a confusion matrix.

Table 1: Four possible results for assigning a class.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑎𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

When talking about accuracy both of the “true” outcomes count, their proportion of the total
classifications is the accuracy itself. In this project, there’s no particular good or bad outcome
associated with an incorrect classification of one webpage; at least, not with the current compliance
guidelines. Other situations such as clinical diagnoses carry with them more obvious negative
consequences for certain types of result. A false positive from a classifier predicting a debilitating
disease would warrant further more costly tests, a false negative could mean the person not
receiving vital treatment; both of these false results have negative consequences but the latter is
clearly worse. In these situations a user can add weight to the predictions made by a classifier. In a
clinical example it would have to be much more certain a person was negative for a disease, before
classifying them as such.
“Precision” and “recall” are terms used in both information retrieval and classification. In a
classification scenario precision is the ratio of true positives to the sum of both true and false
positives (Descoins, 2015). Precision is a measure of a classifier’s “exactness” at correctly identifying

a class, what proportion of all the instances labelled as “A” were actually “A”? Recall is the ratio of
true positives to the sum of true positives and false negatives, what proportion of all the actual “A”
class instances did the classifier identify? Using both precision and recall allows us to avoid falling
into some particular pitfalls associated with using accuracy alone. Consider a situation where a
classifier only ever labelled instances as “A”, regardless of their properties. In this situation all
accuracy tells us is the proportion of the dataset that were “A”. Inspecting only recall in this situation
could also be misleading, as it will be 1.0 because of course every instance of “A” was classified
correctly. Bring in precision though and we’d see a much lower ratio. Similarly a classifier could be
created with better precision by only classifying instances as “A” when it was absolutely certain, but
now the recall would falter as many real instances of “A” would be missed. Considering the example
above regarding clinical diagnoses, it may be desired to favour recall over precision in certain
situations. If people labelled “A” are those that will not suffer from a disease, then higher precision
will ensure we’re more certain about the people in that group and who will therefore receive no
further screening. It would be expected that some people on the borders of classification for “A”
would not be labelled as “A”. They would suffer the inconvenience of further tests but in doing so
reduce the chance that any people truly “not A”, and therefore may have the disease, were
overlooked. A classifier that made no mistakes would have precision and recall of 1.0, but this is
unlikely in any realworld application; in reality there is a balance to be made between recall and
precision. One way of assessing the balance between recall and precision is using the Fmeasure.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝐹 =2∙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

This version of Fmeasure is also known as F1 and equally weights precision and recall in the
calculation. Optimising for Fmeasure can help create a classifier balanced in both recall and
precision, which may or may not be desired in the final application.

First Stage Classifier Implementation
Guiding Principles
I investigated a data mining software package called Weka; available from the University of Waikato
in New Zealand (Hall et al., 2009, UniversityOfWaikato, 2009). Weka is a popular open source
framework, with implementations of machine learning algorithms that can be used in Java code by
programmers; Hall et al. (2009) has been cited over 12k times according to Google Scholar. Weka is
not only a framework usable in code, but comes with a fullyfledged GUI program for investigating
data and applying machine learning algorithms. Some of those involved with writing the software
have also released an accompanying book, exploring data mining from a practical rather than
technical or mathematical perspective (Witten et al., 2011). Witten et al.’s book provided a
grounding in the knowledge required to build a classifier. I had previously read the opening chapters
of a more technical text but found the explanations too abstract (Alpadym, 2014).
One potentially large issue with using Weka’s libraries for the classifier was it being coded in Java. As
HEFCE generally use .NET technologies I wanted to interact with the library through C#. If this wasn’t
possible then a classifier in Java could easily exchange data with the system, thanks to its design
featuring a web API. Fortunately Weka documentation pointed towards using some third party
software called IKVM (Frijters, 2014); using examples and guidance from this documentation I was
able to port the Weka.jar file in to a .dll for use with C# (WEKA, 2009a, WEKA, 2009b).
Having no previous experience in machine learning algorithms, I collected a dataset for building
models and testing them, then created several classifiers to try and gauge their baseline
effectiveness in this application. The following sections describe the data and models used to
explore the possibilities of classifying course information.

Training and Testing Data
Using the web bot, data was collected from a range of institutional websites, Unistats and non
sector websites. Data from nonsector websites was included to help not over fit the classifier to
university web pages. Inclusion of nonsector data wasn’t strictly required as the bot would be
limited to specific domains in the future, but this wasn’t certain during early stages of classifier
development. Unistats data was included on the possibility that an institution may have used words
similar enough to trigger a classification, although it was expected that no universities would have
done this judging by previous sector consultations.
The university websites selected for data collection were chosen because manual inspection of their
sites revealed a common node for course information; allowing for mass classification of pages
based on their URLs. Gaining enough labelled data to build a classifier is a common issue in data
mining, as discussed by Witten et al. A clustering based approach to labelling training data is
explored later. URL based labelling worked for this training data because they were manually
inspected; the web bot did, for a short period, attempt to access course information based on words
in the URL (like course or undergraduate) but the results were very unpredictable and too specific to
how a website was structured. The bot was tuned to help find course information on individual

websites, resulting in a mix of course and noncourse information from these universities (ncl.ac.uk,
dur.ac.uk and exeter.ac.uk). For others, it was specifically guided away from course information or
left to randomly collect pages (shef.ac.uk, ucl.ac.uk). It is expected that some noncourse
information pages would have been incorrectly labelled in this approach, but the sheer number of
correct classifications should drown out this noise.
Data for testing classifiers was collected from four universities and also mass labelled using URLs as
either course information or not course information. The test data didn’t contain pages from the
Unistats site as a production version of the classifier would not be used against it. Including Unistats
pages in the training data did mean the potential for a page to be classified in that category. When
this did occur these pages were inspected manually to see if the classification was accurate, but it
was not expected to be so.

Table 2: Domains used in training data and number of pages as classified through URLs.

Table 3: Domains used for test data.

Table 4: URLs used for mass labelling, note inclusion of sector pages not from universities like wonkhe.com and
hefce.ac.uk.

Native C# Classifiers
Since there is significant overhead in developing a trained classifier it’s worth first checking that
usable results can’t be generated via simpler means; a “simplicity first” approach is also advocated
by Witten et al.. This also has the effect of offering some baseline performance with which to
compare more complex classification algorithms. All the native classifiers were built on the training
data, repeated ten times when there was a random element to the classification. Where a classifier
was in essence “trained” (as opposed to purely random) then it was also assessed against the test
data. The native C# classifiers use string functions designed to operate on an unbroken string, so
they consume the sing string representing each website.

Random classifier
The most basic of classifiers that could be used in this situation is a random classifier that takes no
account of the text and simply assigns a category to pages with equal probability. Results from this
classifier represent an absolute baseline minimum for any future classifier.
Total
9600

Average Success
30.6%

Min
24.9%

Max
39.1%

Table 5: Averaged results from a random classifier against training data.

As could be expected, over ten runs choosing one of three categories (notCourseInfo, courseInfo,
unistatsInfo) the classifier achieved a success rate approaching one third.

Random Proportional classifier
One advancement on a random classifier would be to classify pages based on their likelihood of
existing in the dataset. For this classifier proportions of the three categories were found in the
training data and then used to assign a category based on a random integer falling within an
equivalent range. A 1000 integer range was used, giving an accuracy 0.1% when representing the
proportions of page types in the training data.
Average
Correct
5266

Total
9600

Average Success
Min
Max
54.9% 49.2% 59.1%

Table 6: Averaged results from a random proportional classifier against training data.

Results from this classifier reach over 50% accuracy, although it would be expected to reduce closer
to 50% in more runs against this data. This is because the classifier has been trained against the
data, so the ranges in which the random integer may fall (to assign a category) very closely represent
the actual distributions in the data. This approach should eventually yield a 50% success rate on this
data because the decision on success has now been reduced to a 50/50 choice, was the integer in
the correct range or not? In the previous random classifier 33% would be the eventual end point as
the classifier was choosing one of three categories with no preference based on knowledge of the
data.
Whilst a 50% success rate may seem a useful starting point, this classifier would suffer from
overfitting when assessing other data. This classifier could be fed 100 known course information
pages and it would still classify some of them as not course information, regardless of their content.
Future success of this classifier relies on the training data having proportions of page types that
closely represent the proportions of page types in unseen data. In ten runs against the test data the
classifier had much increased variance in its accuracy, but still did approach 50% success on average.
However, the variance of this classifier means that average success rate is an inaccurate
representation of its real world performance. Against unlabelled data a user couldn’t know where in
the wide possible range of performance the classifier is sat.
Average Correct
988

Total
2055

Average Success
48.1%

Min
19.9%

Max
81.0%

Table 7: Averaged classification data for a random proportional classifier, against test data.

Any Keyword
As content from each page is available to a native classifier as well as for training through Weka, it
can be used to help classify pages. Using simple string functions in C# the appearance of keywords
was used as an indicator of page type; these key words were selected manually. Separate arrays of
words were used to classify course information and the more detailed Unistats information. If any
word from the array was present in the page content then the page was classified accordingly, with
Unistats trumping course information when both classifications applied. The following are results
from using some different combinations of keywords against the training data. These results were
from a single run, as there was no random element to the classification.
private string[] courseKeyWords = { "course" };
private string[] unistatsKeyWords = { "satisfied" };

Table 8a

private string[] courseKeyWords = { "course", "study" };
private string[] unistatsKeyWords =
{ "satisfied", "average salary" };

Table 8b

private string[] courseKeyWords = { "study" };
private string[] unistatsKeyWords = { "satisfied" };

Table 8c

private string[] courseKeyWords = { "study" };
private string[] unistatsKeyWords = { "average salary" };

Table 8d

Using an Any Keyword approach generally classified course information well, at least 0.89 recall in all
cases, with one reaching 0.97. Precision for noncourse information was also notable, but low recall
reduced its Fmeasure. Reasonable success was also had identifying Unistats information, with each
model scoring over 0.7 for recall. The last model scored well for both recall and precision on Unistats
information, which is reflected in its Fmeasure. The difference in the precision from using “average
salary” to identify Unistats information versus “satisfied”, shows how key the selection of words for
use in the classifier is. Recall was broadly the same between these last two models, but precision
was 0.358 in the first compared with 0.817 in the second.
The Any Keyword approach does suffer from not being selective enough, scoring low for recall in
identifying pages that were not course information. The classifier’s preference was to classifying lots
of pages as course information when they were not. Recall for noncourse information dropped
lower still when two words were included in the course information array (c.0.4 to 0.26). The criteria
for classification as course information were being too easily met. It’s also likely that much of the
success the classifier did have was due to the wide range of noncourse information included in the

training data. Pages from outside the higher education domain would be much less likely to contain
words like “graduate” and “study”. In a production setting the model would only be used against
pages from within higher education, so noncourse information pages from these sites would be
more difficult to pick out.
The keywords from table 8d were used to classify the test data, as these produce the best F scores
against the training data.
private string[] courseKeyWords = { "study" };
private string[] unistatsKeyWords = { "average salary" };

Table 9: Any Keyword classifier run against the test data

Expectations that the recall for noncourse information was related to the contents of the training
data were correct. The test data only contains pages from universities, so whilst recall for classifying
course information was extremely high (0.969) non course information was very low at 0.092. The
classifier was assessing the vast majority of pages as course information. The percentage of course
information in the data is 41.3% and the classifier correctly identified 45.5% of instances, which is an
accuracy very close to that of mass labelling the data as course information. This classifier was not
sensitive enough to properly distinguish between the closely related pages of the test data.
Seven instances featured the string “average salary” and so were classified as Unistats information,
three pages from one institution and one from another. The group of three were classified more
than once, owing to a style of website not accounted for in the database design. Different URLs were
used to represent sections of the page that should be open to the user, so the source code was the
same between them. The sentences that triggered the classifications were a very small part of the
pages and I’m not sure if a machine learning classifier alone would be sensitive enough to pick the
same up. Calling these pages Unistats information is likely a stretch, but it does disprove my earlier
suspicion that no such information would be found. Although given the test data contains 2055
instances these seven instances represent only 0.3% of the data.

All Keyword
A simple modification to the Any Keyword classifier yielded an All Keyword classifier, where every
word in a keyword array would be required to gain classification. Again, a small range of keywords
was used to build the classifier against the training data, with the most successful at this stage also
being used with the test data.

private string[] courseKeyWords = { "course", "study" };
private string[] unistatsKeyWords =
{ "satisfied", "average salary" };

Table 10a

private string[] courseKeyWords = { "course", "study", "graduate" };
private string[] unistatsKeyWords = { "satisfied" };

Table 10b

private string[] courseKeyWords = { "course", "study" };
private string[] unistatsKeyWords = { "satisfied" };

Table 10c

By definition, the All Keyword classifier becomes more selective as words are added to the keyword
arrays; this allowed it to exclude noncourse information better than the Any Keyword classifier.
Common to all of the All Keyword classifiers was high recall and low precision for course information
and high precision with low recall for noncourse information; showing that whilst this classified
improved on the Any Keyword approach, it still allowed a lot of noncourse information to be
classified as course information. The keywords from table 10a produced the most consistent F
scores, so these words were used to test the classifier with the test data.
private string[] courseKeyWords = { "course", "study" };
private string[] unistatsKeyWords =
{ "satisfied", "average salary" };

Table 11: Results from the All Keyword classifier using the test data.

Despite more success with noncourse information versus Any Keyword, All Keyword’s recall
dropped 0.22 against the test data. As was the case with Any Keyword, this is likely due to the more
challenging makeup of the noncourse information in the test data. Six course information pages
were classified as Unistats information, these were the same repeated three pages from the Any
Keyword classifier.

Supervised Machine Learning Classifiers
The GUI provided with the Weka framework allowed testing of different machine learning
algorithms. Guided by Witten et al.’s book several algorithms were created using the same training
data as the native C# classifiers, these were then also assessed against the test data. All of the
models were built and validated using 10 fold cross validation.
Results for the Weka built models feature three fewer instances than the native C# classifiers, an
error in the way Weka connected to the database storing the training data meant that not all
instances were returned. Weka not only generates an accuracy rate for correctly classified instances,
but also a confusion matrix and statistics like recall and precision.

Problem Representation
In this project the data is stored in a central database for each web page, the content of each page is
one single text string. A separate executable to that of the bot described earlier requests an amount
unclassified work from the database. The database sends this work to the classifier executable
through the web API. Again, this means that the classifier can be hosted on another machine
specialised to the task if required. The work is an array of objects representing the previously
scraped web pages. Each object has a “content” property, which is a single text string containing the
human readable text from the web page. The process by which this text string is arrived at, is
described earlier in the “Example Web Scrape” section and a real world example is given in Appendix
B.

Figure 10: Data flow between the classifier and database.

A single text string cannot be used in a SML method and expected to produce a usable result. This is
because the SML method does not read text, it expects groups of numerical values that can be
operated on. In order to train a classifier, we must first represent the data (or problem) in a way that
it can understand. The Weka framework uses a concept of vectorization, which can turn the content
of a text document into a collection of numbers. Producing one vector (collection of numbers) for
each document in a dataset is seen as passing the documents through a filter. There are many filters
in the Weka framework, the StringToWordVector filter takes input of one or more documents (each
in one string) and produces a collection of vectors that represent all of them. All of the vectors from
a group of documents passed simultaneously through the filter will have the same word elements,
even if not every document features every word.

Table 12: Example representation of document vectors, one and zero represent presence or absence of the word in
the document.

Conceptually a group of vectors is similar to a table of information, where the left hand column is a
unique ID for each document and subsequent columns each represent a word. If the document
contains the word, then a nonzero numerical value will exist in the cell where the document’s row
and the word’s column intersect. One final column is used to represent the documents class, in
labelled data this has a value and in unlabelled data it is empty. The classifier’s purpose is to
compare the vectors it saw in training with those in unlabelled data and fill in the empty class
column. Choosing a large enough vector size (number of words to keep) to allow all the documents
in a dataset to be represented is key. In this project, 1000 words were used to make the vectors as
this would give good coverage for the size of document without making the vectors too large to
process easily. The 1000 words making up a vector were those that were the most popular across
the document(s) going through the filter at that time. What numerical value is used in the vectors is
selected whilst tuning the filter.
When working with documents of varying lengths it’s clear that simple frequencies of words might
not represent a documents class well. A very long document could mention a the word “dog” ten
times but not actually be about dogs, whereas a short poem specifically about dogs could use the
word only two or three times. A similar issue arises when considering words that are mentioned in
very few of the documents making up a collection. In this project mentioning the word KIS would
likely indicate some information relating to Unistats or display of the appropriate information.
Applying the correct weight to words in both of these situations is addressed using a technique
known as TFIDF. TF stands for Term Frequency and IDF is Inverse Document Frequency, they deal
with the issues in the order presented. In the long text featuring “dog” ten times, the TF for “dog”
will be lower than the short poem featuring the word two or three times. TF is a simple measure of
how frequently each word appears in a document. If only a handful of pages feature “KIS” in all our

training data then “KIS” then the IDF for “KIS” will be high. IDF is a measure of how many of the
documents in a collection contain a particular word. In this project the TFIDF was used as the
measure for words in a vector. The TFIDF is the TF and IDF for a word multiplied together.
𝑇𝐹 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑎 𝑤𝑜𝑟𝑑 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠
)
𝐼𝐷𝐹 = ln (
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑤𝑜𝑟𝑑 𝑖𝑛
𝑇𝐹𝐼𝐷𝐹 = 𝑇𝐹 ∙ 𝐼𝐷𝐹

Table 13: Excerpt from the group of vectors produced by the training data.

In table 13 you can see an example of the sort of data produced by vectorising actual web pages. The
excerpt is showing the data for several web pages between elements 266 “eligible” and 278
“enough”. The numbers are the IFTDF calculated for the word in the context of that document. The
lower values of “email” suggest it is mentioned infrequently on individual pages but is featured on
lots of them (this small excerpt shows around 20 pages featuring “email”). “Engagement” has
around three times the score of “email”, suggesting it is mentioned in fewer of the pages and
perhaps more often in individual pages when it is used.

The StringToWordVector filter also allows the user to specify treatment of stop words and how to
tokenize words. Stop words are common words that don’t help convey the message of text, like
“and”, “the” or “as”. Stop words also tend to be very common, so easily end up consuming space in
a document vector as well as not adding information relating to the document’s class. In this project,
data did not have stop words removed, it may have been investigated if models were not working. A
tokenizer’s job is to split the text into pieces referred to as tokens that then make up the each
vector. An alphabetic tokenizer will ignore any words containing nonalphabetic characters. Use of
the alphabetic tokenizer was particularly useful with this project’s data, because it added a second
chance to remove HTML tags not handled by the bot.

Figure 11: Settings from the StringToWordFilter.

Every piece of data from the training and testing datasets, as well as any future unseen data, was
given the treatment described above. This allowed consistent representation of the problem
between algorithms and datasets. Feeding data that had not been alphabetically tokenized into a
classifier not built with similar data would produce incorrect results. An obvious issue arises with
using new data in a classifier built with a particular structure of document vector. The 1000 words
chosen from a training dataset are unlikely to be the same 1000 words used in a vector created from
unseen data. To help with this, Weka provides an intermediate class that will map between vectors
and allow tokens not present in both the classifier and unseen data to be ignored. This is another
reason to try and use a vector size that is relatively large, to allow a good chance that unseen data
can also be represented in the tokens the classifier is used to dealing with. As the variability of the
text domain increases then the size of vector may also need to increase to allow for this.

Naïve Bayes
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.948
0.749
0.508

Recall
0.850
0.880
0.815

F-Measure
0.896
0.809
0.626

8227
1370

85.7247 %
14.2753 %

Class
notCourseInfo
courseInfo
unistatsInfo

=== Confusion Matrix ===
a
b
5551 771
277 2407
26
35

c
<-- classified as
211 |
a = notCourseInfo
50 |
b = courseInfo
269 |
c = unistatsInfo

Table 13: Results from a Naïve Bayes classifier against the training data.

Accuracy from the training data for a Naïve Bayes classifier was clearly higher than that achieved
through the native C# classifiers, with an accuracy of 85.7%. Aside from the higher accuracy and
recall, the striking thing about use of this classifier is its consistently high recall for each class, with all
being over 0.8. Precision was very high for noncourse information, the combination of good
precision and recall show a clear improvement for this class over the C# classifiers. Precision of
Unistats information was low though, 0.508 meaning that almost half the pages identified as
containing Unistats information did not. The Fmeasure scores across the classes were promising,
although some improvement to the performance of Unistats classification would be desirable.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.828
0.797

Recall
0.864
0.747

1672
379

F-Measure Class
0.846
notCourseInfo
0.771
courseInfo

=== Confusion Matrix ===

81.5212 %
18.4788 %

a
1038
215
0

b
161
634
0

c
<-- classified as
3 |
a = notCourseInfo
0 |
b = courseInfo
0 |
c = unistatsInfo

Table 14: Results from test data when classified using the Naïve Bayes model

Against the test data this classifier marginally improved recall of noncourse information and
reduced recall in identifying course information, the opposite effect was seen for precision. These
changes did reduce the Fmeasure for both classes, although not too dramatically. Despite the
reduction in Fmeasure for both classes, overall accuracy dropped only 4.2%, from 85.7% to 81.5%.
Three pages were identified as Unistats information but on closer inspection these were examples
where the scraping bot had failed and saved an error string as the page contents.

Nearest Neighbour (k = 1)
“k” is the variable used in Weka when describing the number of neighbours used to arrive at a
classification for the unlabelled data; hence this type of classifier in Weka is known as IBk, where k
can be controlled by the user. For this classifier I chose a k value of one, meaning that once the
nearest neighbour is found, its own classification is assigned to the unlabelled data. When k is larger
than one and nearest neighbours have different classes then the algorithm must decide between
them; when k is larger than one, it should be set to a value that allows ties to be broken.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.927
0.851
0.581

Recall
0.928
0.854
0.555

8581
1016

89.4134 %
10.5866 %

F-Measure Class
0.928
notCourseInfo
0.852
courseInfo
0.567
unistatsInfo

=== Confusion Matrix ===
a
b
6063 367
370 2335
104
43

c
<-- classified as
103 |
a = notCourseInfo
29 |
b = courseInfo
183 |
c = unistatsInfo

Table 15: Results from a Nearest Neighbour classifier, using k = 1.

Nearest Neighbour produced the highest overall accuracy seen so far with the training data at
89.4%. Precision and recall for the classifier show a very high accuracy at identifying noncourse
information and high accuracy for course information, but its ability to identify Unistats information
was low. Looking at the confusion matrix it can be seen that the false negatives related to Unistats
information were split in a roughly 2:1 ratio between notcourse information and course
information. Whilst no particular effort has been made to identify to the model that Unistats
information can be considered a subset of course information, it is concerning that so many pages
taken directly from the existing Unistats site could be classified in this way. Fmeasures were better
for course and noncourse information compared to Naïve Bayes, but the nearest neighbour
approach did struggle a little more to identify Unistats information.
Correctly Classified Instances

1564

76.2555 %

Incorrectly Classified Instances
Precision
0.722
0.910

Recall
0.967
0.473

487

23.7445 %

F-Measure Class
0.827
notCourseInfo
0.623
courseInfo

=== Confusion Matrix ===
a
1162
447
0

b
40
402
0

c
<-- classified as
0 |
a = notCourseInfo
0 |
b = courseInfo
0 |
c = unistatsInfo

Table 16: Results from Nearest Neighbour (k = 1) when classifying the test data

A 13% drop in accuracy when using the test data may suggest some overfitting with this method.
Recall shows that the success for identifying course information dropped below 0.5, although a high
precision does mean that when a page was classified as course information then this was generally
correct. The reduction in recall reduced the Fmeasure for course information to lower than that of
Naïve Bayes.
With this data, Nearest Neighbour (k = 1) is less accurate than Naïve Bayes but also loses its “lazy”
advantage, as every page the bot encounters will need to be classified. Spending time training a
model that can classify quickly will be an advantage over each instance taking more time, especially
with a classifier like Naïve Bayes taking under ten seconds to construct against the current training
data.

Nearest Neighbour (k = 4)
A Nearest Neighbour classifier using four neighbours was also created, with the hope that this would
increase performance; four neighbours were used to allow ties between the three classes to be
broken.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.936
0.903
0.659

Recall
0.956
0.880
0.521

F-Measure
0.946
0.891
0.582

8825
772

91.9558 %
8.0442 %

Class
notCourseInfo
courseInfo
unistatsInfo

=== Confusion Matrix ===
a
b
6246 218
307 2407
117
41

c
<-- classified as
69 |
a = notCourseInfo
20 |
b = courseInfo
172 |
c = unistatsInfo

Table 17: Training results for Nearest Neighbour (k = 4)

This Nearest Neighbour classifier improved slightly on the overall accuracy compared to the one
neighbour version. General performance as measured by Fscore increased slightly for course and

noncourse information but dropped for Unistats, which is unfortunate as this was already the worst
performing class.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.756
0.815

Recall
0.906
0.587

1587
464

77.3769 %
22.6231 %

F-Measure Class
0.824
notCourseInfo
0.682
courseInfo

=== Confusion Matrix ===
a
1089
351
0

b
113
498
0

c
<-- classified as
0 |
a = notCourseInfo
0 |
b = courseInfo
0 |
c = unistatsInfo

Table 18: Nearest Neighbour (k = 4) results against the test data

Using four neighbours produced a similar drop in accuracy between training and test, dropping 14%
compared to 13% with one neighbour; although this classifier was still more accurate against the
test data compared to using one neighbour. Course information recall was 0.587, which is an
improvement over the one neighbour algorithm; recall of noncourse information was slightly
reduced. Overall this algorithm fared slightly better than one neighbour, which is intuitive as it was
consulting with more neighbours.

Random Tree
The Random Tree classifier in Weka can have the number of available attributes set manually or
selected by default. The default selection chooses log2(#predictors) + 1, in this case I’m taking
#predictors to be the total number of attributes. “k” is again used in Weka’s implementation, but
this time to represent the number of attributes to inspect; with 1000 words in each instance’s
vector, the number inspected at each node is 11.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.913
0.819
0.555

Recall
0.914
0.820
0.536

8388
1209

87.4023 %
12.5977 %

F-Measure Class
0.913
notCourseInfo
0.819
courseInfo
0.545
unistatsInfo

=== Confusion Matrix ===
a
b
5970 452
462 2241
109
44

c
<-- classified as
111 |
a = notCourseInfo
31 |
b = courseInfo
177 |
c = unistatsInfo

Table 19: Results from training the random tree classifier against the training data.

Overall accuracy was again higher in this classifier than any seen in the native C# approach. Similar
to Nearest Neighbour, Random Tree also showed strong performance in recall and precision for non

course information and course information classes, but dropped off when identifying Unistats
information.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.569
0.189

Recall
0.897
0.028

1102
949

53.7299 %
46.2701 %

F-Measure Class
0.696
notCourseInfo
0.049
courseInfo

=== Confusion Matrix ===
a
1078
816
0

b
103
24
0

c
<-- classified as
21 |
a = notCourseInfo
9 |
b = courseInfo
0 |
c = unistatsInfo

Table 20: Results from the Random Tree classifier against the test data.

Performance against the test data dropped well below that of the other Weka classifiers discussed
so far; I suspect severe over fitting, given the reduction in accuracy from 87.4% to 53.7%. Recall,
precision and the confusion matrix show that this classifier heavily favoured assigning the class of
noncourse information to pages, resulting in the lowest recall and precision rates for course
information yet of 0.028 and 0.189. Given the very low success at identifying course information, the
Unistats classifications were ignored.
Given the stronger performance of the other classifiers in their initial states, pruning was not
undertaken; if this classifier had already been a strong contender then time would have been used
to prune during a refinement stage.

Random Forest
A Random Forest of 100 Random Trees was constructed in Weka using the training data.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.938
0.902
0.657

Recall
0.957
0.877
0.533

F-Measure
0.947
0.889
0.589

8827
770

Class
notCourseInfo
courseInfo
unistatsInfo

=== Confusion Matrix ===
a
b
6253 215
309 2398
107
47

c
<-- classified as
65 |
a = notCourseInfo
27 |
b = courseInfo
176 |
c = unistatsInfo

Table 21: Results of a Random Forest classifier built using the training data

91.9767 %
8.0233 %

Training results for Random Forest were similar to those of a single Random Tree in overall accuracy,
the precision of course information and Unistats information was improved. Recall for Unistats
information still remained low at 0.533.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.586
0.000

Recall
1.000
0.000

1202
849

58.6056 %
41.3944 %

F-Measure Class
0.739
notCourseInfo
0.000
courseInfo

=== Confusion Matrix ===
a
1202
849
0

b
0
0
0

c
<-- classified as
0 |
a = notCourseInfo
0 |
b = courseInfo
0 |
c = unistatsInfo

Table 22: Random Forest Classifier on the test data

This Random Forest classifier suffers from extreme over fitting, to the point that every instance was
classified as not course information. With the overfitting of both this classifier and the individual
random tree, I suspect pruning would be vital to properly use these classifiers in production.

Support Vector Machine
In Weka a support vector machine is known by the acronym SMO, the following are results from
training and cross validating an SMO classifier on the training data.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.948
0.899
0.623

Recall
0.947
0.884
0.727

F-Measure
0.947
0.891
0.671

8840
757

92.1121 %
7.8879 %

Class
notCourseInfo
courseInfo
unistatsInfo

=== Confusion Matrix ===
a
b
6184 238
284 2416
56
34

c
<-- classified as
111 |
a = notCourseInfo
34 |
b = courseInfo
240 |
c = unistatsInfo

Table 23: Results from an SMO classifier against training data.

As with many of the other machine learning classifiers, the SMO produced highly favourable
statistics for noncourse information during training, with very good performance also found in
classifying course information. The Fmeasure for Unistats information was the highest compared to
the other machine learning classifiers discussed, but still a little lower than would be wanted in a
final model.
Correctly Classified Instances
Incorrectly Classified Instances

1536
515

74.8903 %
25.1097 %

Precision
0.725
0.820

Recall
0.921
0.505

F-Measure Class
0.811
notCourseInfo
0.625
courseInfo

=== Confusion Matrix ===
a
1107
420
0

b
94
429
0

c
<-- classified as
1 |
a = notCourseInfo
0 |
b = courseInfo
0 |
c = unistatsInfo

Table 24: Results from SMO classifier against test data.

The SMO classifier saw a drop in accuracy against the training data similar to that of all the other
machine learning classifiers, with the exception of Naïve Bayes. Recall for course information
dropped significantly to 0.505, reducing Fmeasure for the class with it. Fmeasures for both classes
in the test data showed the SMO to be very similar in performance to a k=1 nearest neighbour
approach.

First Stage Selection of a Classifier
Having tested basic implementations of different native C# and Weka algorithms, a decision on
narrowing the scope classifiers being used was required. From the training and testing data I decided
that Naïve Bayes had been the most successful based on accuracy and Fmeasures produced in
testing compared to training. All of the other Weka classifiers produced better results on the training
data but had a larger reduction in metrics against the testing data. A Naïve Bayes approach gave a
lower initial accuracy in training but was then more consistent on the previously unseen data; I value
this characteristic highly as it reduces the requirement for training data and unseen data to be alike.
Variability is inherent in the domain that the classifier will be operating in, so producing strong
results on test data suggests it will also be able to cope in a production setting with unlabelled data.
Because of this reason I chose to investigate refining the Naïve Bayes classifier further.

Second Stage Classifier Implementation
The Naïve Bayes classifier implemented in stage one showed a good level of performance, but also
had room for improvement; particularly around identifying Unistats data. The second stage of
implementation briefly explored changes in training data that could lead to improved performance.

Naïve Bayes Using Cleaned Training Data
As mentioned previously, the training data contained information drawn from pages outside of the
sector. In this attempt at refinement, the out of sector pages were removed from the training data.
This was to test the effect of the noise caused by out of sector websites in the data. The subset was
used to train a Naïve Bayes classifier to make a distinction between course information and non
course information. Unistats itself was excluded from this data, in favour of possibly using some
other mechanism to indicate possible Unistats information (discussed later).

Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.933
0.850

Recall
0.901
0.896

6402
715

89.9536 %
10.0464 %

F-Measure Class
0.917
notCourseInfo
0.873
courseInfo

=== Confusion Matrix ===
a
b
<-- classified as
3951 432 |
a = notCourseInfo
283 2451 |
b = courseInfo
Table 25: Results from a Niave Bayes classifier, trained using only institutional web pages.

When trained using data without nonsector websites, the Naïve Bayes approach produced a higher
overall accuracy of 89.9% versus 85.7% of the original classifier. Both classes had individual recalls
very near to 0.9.
Correctly Classified Instances
Incorrectly Classified Instances
Precision
0.819
0.783

Recall
0.856
0.733

1651
400

80.4973 %
19.5027 %

F-Measure Class
0.837
notCourseInfo
0.757
courseInfo

=== Confusion Matrix ===
a
1028
227

b
<-- classified as
173 |
a = notCourseInfo
623 |
b = courseInfo

Table 26: Results from the Naïve Bayes classifier against the original test data

Surprisingly, this new Naïve Bayes classifier was slightly less accurate against the same test data. The
Fmeasure for both classes were also slightly reduced. These drops in metrics suggest that the non
sector web sites might help with avoiding over fitting. From this result, it would appear that the
Naïve Bayes previously created is a better fit for production use.

Expectation Maximisation Clustering and Naïve Bayes
Witten et al. discuss the use of EM (Expectation Maximisation) clustering in combination with a
Naïve Bayes classifier, as a potential solution to the common problem of lacking unlabelled data to
build models from. Until this point, all the labelling on the model and test data that has been used in
the project has been conducted based on the page’s URL. If there is a natural distinction between
the content of course information and noncourse information pages, a clustering algorithm should
be able to partition the two. Creating a Naïve Bayes model from data labelled according to EM
clustering would allow me to also see if my previous automated labelling had caused an impact. If I
had misunderstood the structure of the websites contributing to the model then many more non
course information pages could have been wrongly classified than I expected, causing inaccuracies in
the model; EM clustering would offer a view on class based purely on the content of each page.
Incorrectly clustered instances :

1060.0

Table 27: Accuracy of EM clustering on the reduced training data.

14.8939 %

Using the reduced training data as described in the previous Naïve Bayes model, the EM clustering
algorithm disagreed with the URL based classifications 14.9% of the time. The total size of the
training data is 7117 instances, so 1060 disagreements is not insignificant but I would expect the
models to be comparable in performance. The labelled data created from the EM clustering was
used to train a Naïve Bayes classifier, which was also run against the standard test data.
Correctly Classified Instances
Incorrectly Classified Instances

1636
415

79.766
20.234

%
%

Table 28: Results from a Naïve Bayes classifier, trained using data labelled through EM clustering.

An overall accuracy of 79.8% suggests that any impact caused through disagreements between EM
clustering and URL based labelling did not have a large affect, although this comparison is using test
data labelled using the latter method. I would expect the URL based model to fair better than the
EM clustered one, it performing very similarly suggests both methods produce workable models. I
was intrigued as to whether the performance would hold or be switched if the test data was also
labelled through EM clustering rather than URLs, so ran the EM clustering algorithm on the test data.
Incorrectly clustered instances :

976.0

47.5865 %

Table 29: Results from the EM clustering applied to the test data

Unfortunately the EM clustering and URL labelling approach disagreed 47.6% of the time, perhaps
the reduced number of instances (c.2000) and only having four different universities made it difficult
for the clustering to spot the difference between course information and not. Because of this large
disagreement I did not continue to test this refinement of Naïve Bayes against this test data.

Summary
Method and Results
In keeping with the “no free lunch” theorem, a range of text classifiers have been built and tested.
Their purpose was to aid in the identification of course information on university websites, in
particular course information that may meet Key Information Set (KIS) standards. KIS information is
currently displayed in the Unistats website, but this is likely to change in the near future. The timing
of the project meant that changes to regulation around KIS and Unistats were not completely
finalised, or implemented by universities. This meant the training data for classifiers had to use
Unistats itself to learn what KIS data could look like. The main disadvantage of this was Unistats
being only one example of how to present the data to a reader. In time, each University will have
slightly different wordings and expressions, as they do on their current course information pages. To
more closely represent the classifier’s production environment, the test data only contained
information from university websites and not Unistats. All of the training and test data was
automatically labelled using inspection of root URLs.

Table 30: Summary results from the constructed classifiers.

Initially, classifiers based on purely random chance were created, this offered a baseline
performance against the data. Any subsequent classifier would have to outperform these by a clear
margin to be worth considering. Before using machine learning techniques, basic classifiers built on
native C# string functions were created. This gave a baseline of performance achievable by any
programmer who is not familiar with machine learning methods. In both of these native classifiers,
performance was easily tuned to training data but suffered in testing. Such a difference is
representative of a main challenge in this project, which is the variability between text different
universities use on their websites.

Despite difficulties in the data, several machine learning classifiers were created that performed well
in both training and testing. The two tree based approaches were clearly over fitted to the training
data. It is likely they could be built and used for this classification task but time, inexperience and
other better performing classifiers meant pruning activities were not undertaken. Aside from the
tree based algorithms, all the machine learning classifiers out performed random selection and
simple rule based approaches.
A Naïve Bayes classifier was chosen from the classifiers as being most likely to offer the best
performance in the final application. This decision was based on having the strongest performance in
the Fmeasure metric, whilst also having the lowest drop in performance from training to testing.
Two methods were briefly explored to increase performance of the classifier by adjusting the
training data. The first was to remove data from outside the higher education sector from the
training data. This was initially included before the context of project had been fully decided and
could have added unnecessary noise to the classifier. Removing the nonsector data did not increase
the performance however. Finally an attempt was made to build and test a Naïve Bayes classifier
with data labelled through a clustering method. The idea was to remove false labels in the original
training data caused by the automatic labelling method. This approach produced workable clusters
for the training data, but not the test data. Because of this it would have been impossible to test any
classifier made from the training data.

Potential Benefits
The initially created Naïve Bayes classifier would likely be of a good enough quality to use in
production, especially when Universities become more explicit with display of KIS data featuring
words currently used on Unistats. There are two examples I can offer for how the classifier can
reduce manual workload, the first is from identifying Unistats data in training. 530 pages were
identified during training as Unistats information, of which roughly half were correct. Assuming a
person inspecting the same web pages would correctly identify all course information, there were
3064 pages of potential Unistats information. There were 330 actual Unistats pages, which are the
closest approximation to how a University might display the information. Unistats pages made up
roughly 11% of all the course information. Use of the classifier to identify Unistats information would
reduce the manual search space to the 530 pages labelled as such. This means that if a person was
required to manually inspect some of these pages, they would find Unistats information in every
other page rather than every tenth page.
The second example is from identifying only course information in the test data. With the number of
higher education providers subject to KIS regulations increasing, many new providers of varying size
and complexity are going to be encountered. It is likely that at least some of the providers new to
HEFCE and KIS will not structure their websites in a common way, both in URLs and the prominence
of their course information. Even discounting any capability to identify Unistats information on
webpages, having a classifier able to reliably identify course information would save manual effort.
All that is required is for the domain of the provider to be identified and the web bot described
earlier will be able to crawl the domain finding and prioritising course information. This would be
simple for a human but, as mentioned in the context section, quickly scales beyond a reasonable
task and also may need to be performed again at short notice. A bot can be run at all hours of the

day, storing the information it finds in a database ready to be inspected by the analysts at HEFCE.
The Naïve Bayes classifier initially developed had a precision suggesting up to 80% of the pages
collected and classified as course information would be correct. A human would likely achieve a
higher precision, but their time would be more expensive and motivation likely to fade with such a
task.

Project Issues
A personal preference of mine is to use large projects to forward my understanding in an area that
was previously unknown to me. This project was my first time studying machine learning, which has
meant decisions made earlier in the project I have sometimes later thought incorrect. In many cases
these did not seem to detract from the impact that the project could have. However, I do feel like
the project has been a starting point on solving the particular issue, rather than a comprehensive
answer. This is unsurprising now that I understand how vast machine learning is.
In particular, I feel the success of the Naïve Bayes classifier is partly due to its robustness against
issues that I may have inadvertently introduced. For instance, the data used a TFIDF weighting so
was on some level a measure of frequency. Reflecting later on Naïve Bayes, in order to expand areas
of this report, I now realise I should have explicitly selected a Naïve Bayes classifier meant for use
with data containing frequency values. According to Witten et al., I should have selected a
multinomial Naïve Bayes implementation. In this case the classifier created is still usable, so either:
the standard Naïve Bayes implementation in Weka is intelligent enough to cope with the mistake,
and selfselect a multinomial approach; or, the nonzero TFIDF weights were simply treated as 1 and
therefore True with a Boolean approach. Regardless, this example highlights the risk of using
someone else’s implementation of any algorithm. There are benefits to be had in saving time to
implementation, but without writing similar yourself it can be difficult to fully understand what has
been created. Keeping this in mind, it is not unlikely that some of the other classifiers tested would
be much more successful once I have more experience in the field; the failure of the Tree based
algorithms, for example.
Generally I believe the data collected was of a high enough quality for the task, but with more
understanding of the algorithms I might have treated it differently between implementations. With
the claimed strengths of an SVM in highly dimensional problems for instance, I might have recreated
the vectors to offer a much higher word count. As it happened, I settled on an approach of not
changing the treatment of the training data, in order to gain experience and knowledge of all the
classifiers I managed to test. To experiment with the data processing for each algorithm would have
been an overwhelming task for my first machine learning project.

Future Development
Decorated Naïve Bayes Classifier
In order to classify pages as holding data, the previously described Naïve Bayes classifier will be
reliant on universities displaying information in a wording similar to that of Unistats. It would be

better not to rely on this occurring, particularly in the early implementation of new regulations when
universities may change their sites incrementally. To account for this, I would recommend
decorating the Naïve Bayes classifier with a simple C# classifier. Decoration is the programming
principal of wrapping one object in another to perform some intermediate task. In this case
intercepting the classification and change a course information class to Unistats based on some rule.
In the decorated Naïve Bayes classifier, each instance given the class “courseInfo” would be
inspected again by a simple key word classifier. The key word classifier would change the
“courseInfo” class if a key word or several key words were found. This approach increases the
chance of identifying pages displaying a little, but not complete KIS data. It also mimics the reality of
these classes more accurately, in that Unistats information is a class within course information.
Whilst the keyword classifiers did not have high overall performance, the highest Fmeasures for
identifying Unistats information were achieved with the Any and All Keyword classifiers. Naïve Bayes
has proved itself very good at differentiating course and noncourse information, so that power
should also be utilised. Using a simple classifier to supplement the more complex one would allow
an operator of the production system to easily adjust the words that indicate potential Unistats
information. This is a benefit because it combines two separately powerful approaches and because
the project is happening at time of regulatory change. It was originally thought that the final
requirements for data display would be clear during the project, but they were not. As the data on
websites changes and is recollected then an analyst could easily change the key words and search
for new display of KIS data. The design of the data collection system also allows reclassification to
happen without explicitly recollecting the data, so an iterative process could be used on each
collection to produce a list of sites worthy for human investigation. Once the first few universities
were found to be correctly displaying the new data, these could be used to redevelop the Naïve
Bayes classifier and remove the simple keyword search.

General System Development
In order to use the data collection system, the operator must currently run SQL queries on the
central database to set behaviour like domains to crawl and 24 hour page limits. They also have to
adjust source code if they want to change the amount of work requested by either the web scraping
bots or the classifier. Given the system’s existing web API and database backend, adding a graphical
user interface (GUI) would be feasible. A simple web application could be built to communicate with
the database through the web API. The database would store a table of system settings that could
be adjusted through the web application. Bots would operate on a separate machine, which
administrators would have access to in order to troubleshoot issues; Selenium does tend to leave a
browser open when a connection is dropped. The GUI would become another part of the system
that could be distributed and hosted from an appropriate machine in the network, but available to
all internal users with the right authorisation.
University websites are potentially very large, with several observed in the project featuring
expansive news and staff sections. I believe the system in its current configuration would eventually
find and stick to course information, but there is certainly potential for it to become stuck in other
highly connected areas of a website for some time. This issue occurred during testing the web
scraping bot with the final classifier and was mainly related to starting the bot at the university’s
homepage. From this point if the bot found its way to a news section, for instance, it would quickly

amass a large amount of links to other news articles and have no or very few links to course pages. It
was simple to counter this effect by starting the bot on a course information page or an “AZ” course
search. The latter is, by definition, highly linked to course information pages. For an example based
on Lincoln University see appendix C. A production version of the scraping system could help this
issue by perhaps adding more variability to the way URLs are selected. Early in development I briefly
explored string similarity concepts like “fuzzy matching” and “Soundex”. If no course information has
been found yet, the production system could choose URLs with top levels that are statistically
distant from each other. This could help the bot select between different areas of website that
normally
appear
in
the
style
of
someUniversity.ac.uk/news/
or
someUniversity.ac.uk/courses/.
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Appendix A – Initial Rough Modelling
The following are some of the early hand drawn models used to clarify my approach and structure
the first coding explorations.

Appendix B – Real Web Page Scraping
This page from the university of Birmingham is relatively simple, but the HTML code underneath is
still large and complex. It’s clear the bot doesn’t remove all of the extra information from the HTML
that it could do, but comparing the original source code for the page and what was stored in the
database shows the bot did a passable job.

The page as rendered by Google Chrome.

The first 88 lines of HTML making up the page, the total number of lines is 274.

The HTML after parsing by the bot, notice some HTML tags remain.

Appendix C – Bot Traversal Using Lincoln University
Lincoln University was used because it didn’t feature in the training or testing data of the project.
The website does also feature a common root for course pages, which helps the web scraping
system in its current configuration.
The web bot was started on a course information page and left to scrape around 50 pages before
the classifier began its work.

The URLs listed above are the pages scraped on the Lincoln website in order, before the classifier
had assessed any content. Included are pages that would clearly not be course information based on
the URL, like “…home/research/”, “…opendays” and “…schoolstaff”. Once the classifier had assessed
these pages it found one of the pages from the “…/course/” node to be course information. From
this point on the bot stuck to course URLs. This was the case despite subsequent classifications
assessing very few of the pages returned to be course information.

Several returned 404 pages after appearing to be old links, but many more were clearly incorrectly
classified. In this case, the good selection of starting point meant that poor performance of the
classifier was compensated for. The pages scraped in the first 50 (pre classification) were not close
enough to course information to get the class and cause further scraping; high precision in
classifying course information stopped the bot going down the wrong path. A production system
would benefit from being able to override the classifications and then include them into another
iteration of the automatic classifier.

