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As a basis | am using the 33-item sheet given out by Bstiisg the general topics
covered by the course.

One-dimensional datacan be displayed in different ways, for differerfeefs. A
histogram can show the “shape” of data distribution.é\ghart can show the
proportions of data as a part of the wh@ex plotsandstick plotsare other way to
display such datawo-dimensional datacan be displayed usingsaatter-plot.

Entity-to-feature tables

All information held about entities — even their namesn be expressed as features of
the entity. Values dieaturescan bequantitative (i.e. possess a numerical value and it
IS meaning to take the average of such valuegategorical (i.e. hold one of a number
of non-quantitative values). Categorical values cabitary (i.e. hold one of two
distinct values, 1-or-0, yes-or-no, true-or-false, nzaldemale) omominal (i.e. hold

one of several distinct, unordered values, similar@eaun). Furthermore, all binary
and nominal features can be converted into 2 or more bieatyres with a 1
representing the presence of that feature and O the abskthat feature.

Pre-processing and standardising data prior to analysis

This process transforms a raw entity-to-feature tattearguantitative matrix. Firstly,
categorical data must be transformed to a quantitativeafoas described above.
Secondly, feature-columns of data must be standardisedke them comparable; this
Is done byshifting (the origin) andscaling The scale factor can be one of a number of
values, e.g. SD or range. Orstandardised features become comparable. Subtracting
feature averages (grand means) centres the feature &ound

2D Linear Regression &ka‘line of best fit') attempts to model a relationship between
two measures by finding the line of best fit uses the &Epstres criterion for
minimising residual errors. Tredrrelation coefficientp (rho) has a value between -1
(inverese correlation) and 1 (perfect correlation), Withdicating no correlation. For
example, ap = 0.9 the unexplained varianceyofonstitutes 1 p* = 19% of its original
variance. The square of the correlation coefficiehtis called thaletermination
coefficient The slope is proportional tgp. Whenp = 0 the slope is zero too. With a
good correlation, thg value of a new data pair can be predicted with confid&oce
thex value.

Bootstrapping: the method of re-sampling for the purpose of gaining confelenc
measures already obtained (correlation or regressiefficdents).

DistanceandInner product:

Each entity, being a row of features, can be calleector The set of vectors is called
thefeature spaceThedistancebetween any two vectors is the sum of the square of
each of the components of the vectorsd(®,y) = (1 —y1)* + (2 —y2)* +...+ (Xm—Ym)?
This is also known as thHeuclidean squared distance

Theinner product is the sum of the product of each of the correspondingpooents
of the vectors, i.ex(y) = (X1.y1) + (X2.y2) +...+ (Xm.Ym)

Thedistanceand thenner productare closely related.
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Centre points:

mean average (also callgthnd meaip midrange (midway between highest and lowest
values), median (middle value), mode (most popular).riééian is the most stable,

but requires sorting the data, as does the midrange. Madest useful when
distribution is far from uniform.

Spread:

Several characteristics have been defined to meaautedss dispersion or spread, the
simplest of which isange (difference between minimum and maximum values). Others
includevariance (%) which is the average squared deviation of all value ttegrand
mean andstandard deviation (s), which is simply the square root of the variance. The
standard deviation is zero if and only if all the valaesequal to each other.

Remember, for a sampte divides ands’ byn — 1, for data set, divide by

For any feature, its standard deviation is at least tascemall as its range. Proof: max.
variance when data is 0 & 1,p6l —p) = ¥4,.. max. SD =y¥a = %2.QED.

Co-variancemeasures similarity acro@dimensions i.e. their variable with respect to
each other A co-variance matriXn x n) can be generated to contain all the
co-variances betweendimensional data. This matrix is symmetric about iégdnal
sincecov(x,y)= cov(y,X)

It is possible to generagggenvaluesandeigenvectorsfor the co-variance matrix. The
eigervectorswith the highest eigemluesare theprincipal components From these
principal components the new data set can be deriveld (@duced dimensionality, i.e.
compressed).

Principal component analysisS(PCA) is one of the oldest multivariate methods of data
reduction. It transforms a number of (possibly) coreglatariables into a (smaller)
number of uncorrelated variables called principal compon&hesfirst principal
component accounts for as much of the variability endata as possible, and each
succeeding component accounts for as much of the remgaiariability as possible.
Theobjectives of PCAare (1) to reduce the dimensionality of the data seewhil
retaining as much data as possible, and (2) to identify neawnimgful underlying
variables. Once patterns have been found, PCA can cesriie data with little loss of
information.

The first principal component is the combination of Malga that explains the greatest
amount of variation. The second principal component deftmegext largest amount of
variation and is independent to the first principal compangnd so on.

For example, with 1000 entities and 50 features, we wislerige 2 vectors of length
1000 and 50 which, when multiplied, get us as close to thenaltigalues as possible,
l.e Xiy ~ Z.Cc, The principal components (total length: 1,050 values) mawyige 90% of
the accuracy of the original data set (total length: 50y@0@es). By adding the
residuals, we gety = z.c, + ey (and we can continue the process of redueinif)
necessary for greater accuracy/reduced error).

This technique can be used in image processing for compresglamise reduction, as
well as for signal processing, in similar ways, analg$ gene expression data,
classification of land use from satellite photograimg] in neural network-based facial
recognition.
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Similar to PCA issingular value decomposition(SVD). It is an amazing and useful
fact that everyrxn matrix has a singular value decomposition. The sinyalare
decomposition for a matrix A rewrites A as the produdhanger)(stretcher)(aligner)
matrices. SVD is good fatata compressigrby reducing a large matrix (e.g. an image)
to three smaller matrices. It also has applicatiorssginal processingndstatisticsand
language analysis.

Notationally, Avp = Unn - Sup - V'pp Where UU = I, and VV = I, and S is a

diagonal matrix whose values are calledgimgular values

Clustering: Clustering is a discipline aimed at revealing groupsustets of similar
entities in data. Typically, a clustering applicationdlves the following five stages:
(a) developing a data set, (b) data pre-processinglugteang data, (d) interpretation
of clusters, (e) drawing conclusions.

K-means clusteringis a major clustering technique. It is computationallyetsst and
memory-efficient. Its main problems lie with initiallsetion of cluster numbers and
centroid locations. It partitions the data set iktnon-overlapping clusters; the means
are aggregate representations of clusters, or centididsninimum distance rule
assigns entities to their nearest centroids accotdikgiclidean squared distance.
Centroid centres are updated. The process is reiteratedlusters centres are stable.
Pre-processing includes transforming data into quantitativeesand normalizing it to
remove weighting (if desired).

Initial seed locations can affect not only the speed of convergeuatalso the final
results. This is a big subject in itself, and theresaneeral methods of selecting K and
initialising centroids:

(i) randomly selectK entities; (ii) randomly seledf vectors within the feature space
(i.e. they need not contain actual entity values); $iiarting with a larger value &1,
gradually reduc& until a marked difference in the results is seerm KJsl ;

(iv) MaxMin approach: select the two entities farthest apart dhtheae the set of
initial centroids. Repeatedly add to this pair thosdieatfarthest away from the entities
in this set until a stop condition is reached, which oaya pre-specifield, a distance
threshold or a significant change in the distancesitzdted. This approach uses ad-hoc
thresholds (i.e. guesses); (@ference pointbased clusteringsgparate/conquey.
Choose an ‘optimal’ reference point (e.g. the grandnezhift the space origin to this
point. Choose the most distant entity from the refeggoint and calculate K-means
with these two, keeping the reference point centroid umggthThe deviate centroid is
the anomalous cluster. By removing these entities an@tiagehe process, clusters
can be identified. Can select only the most populouserkisfor example.

Square Error Criterion is the function which sums the square distance oétioe

within a cluster and across all clusters. Minimizing taigction is the aim, since the
smaller the result of the function, the closerchsters are to their centroids.
Interpretation: (i) look for typical representatives cluster, i.e. those entities closest to
the centroid; (ii) look for the most salient featuoés cluster; (iii) describe clusters in
terms of their most salient features.

There are two approaches to building a cluster hieratahygglomerative, building
from the bottom-up by merging smaller clusters to makgelr clusters; (b) divisive,
splitting greater clusters from the top-down, startintdnthe entire data set.
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A spanning tree is a subgraph that is a tree and coralktite nodes together. A
minimum spanning tree (MST) or minimum weight spanning tree is a spanning tree
with weight less than or equal to the weight of ewether spanning tree. Uses include
finding minimum cost (e.g. for laying pipes, telephonesgiitransportation, etc).
Prim's algorithm (R. C. Prim) is one of three classical ‘greedy’ imam-spanning
tree algorithms (the others being Kruskal's and Boruvka@erahms):
select an arbitrary vertex (node) to start
while (there are fringe vertices)
select minimum-weight edge between tree anddt(if a tie, choose either)
add the selected edge and vertex to the tree
MSTs are useful because (a) they create a sparse shbbgahgives information about
the original graph; (b) they provide a way to identify clustedeleting the long edges
leaves natural clusters.

One of the simplesigglomerativehierarchical clustering methodssimgle linkage

also known as the nearest neighbor technique. Theserslusay behains The
algorithm is thus: Start with each item assigned towits cluster. Then join the closest
two clusters. Repeat until all items added to a singleesl{st course there is no point
in having all the N items grouped in a single cluster uteo/ou have got the complete
hierarchical tree, if you waikiclusters you just have to cut tkel longest links.).
Crucially, we consider the distance between one claste another cluster to be equal
to the shortest distance from any member of one clustant member of the other
cluster. This isingle-linkage(Full- or Complete-linkageonsiders the distance
between two clusters as theeatestdistance from any member of one cluster to any
member of the other clustékverage-linkagenot surprisingly considers the distance
between two clusters as taeeragedistance from any member of one cluster to any
member of the other cluster).

A minimum spanning tree allows for finding thesingle-linkage hierarchy by a
divisive method: sequentially cutting edges in the MST beginning frentargest, in
decreasing order.

Hierarchical clustering. There are two approaches, agglomerative and divishe. T
one-entity clusters (singletons) are terminal nothespuniversal cluster is the root of the
tree; other clusters are nodes of the tree. Heighted tonvey information about the
tightnessof clusters through the height of each node.

Ward agglomerative clusteringis uses a weighted group average calculation to merge
related clusters. Th&/ard distanc€dw) between two cluster$) is defined as the
product of the cardinalitiedNj of two clusters divided by their sum, multiplied by the
Euclidean distance between their centro@si(e.
_ N, IN,

dW(S, S) =116 )
Method: starting with single entity clusters, congthe Ward distance between all
clusters. Merge the two with the smallest Wardastise. Recompute distances. Repeat
until merged into a single cluster. Heights arendef as the square error of the clusters,
which are added to those of their children, meatiieg grow exponentially high.
Cutting the tree at long edges provides suitabiabars of clusters fak-means.
Key point: Ward agglomeration can be used to identify tltgirsetting forK-means.
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Ward agglomeration, unlike K-means, is computationally intensive ataks not scale
well. Note: Ward agglomeration and minimum spanning tree anéasiand achieve
similar aims.

Artifical Neural Networks are helpful when (a) we can’t formulate an aldonic
solution, (b) we can get lots of examples of thiedwour we require, (c) we need to
pick out structure from data.

A perceptron is a single-layer neural network (invented in 19§ #rank Rosenblatt).
Perceptron’s can only classify linearly separabls of vectors, i.e. a straight line or
plane needs to separate the vectors into theiectocategories (1969, Marvin Minsky &
Seymour Papert). Thus AND and OR can be solvecehyeptrons, but XOR cannot.
These limitations can be overcomerbyltilayered perceptrons (MLP ) with back

error propogation, whereby errors can be fed back to hidden layengarons,
enabling the weights to be adapted usinggmagient-based optimizatiomethod, that
IS, look for the steepest ascent/descistance processingefers to the useful feature
that each neuron need only process its own dakerdieing fed-forward from input
layers, or fed-back from output layers.

For supervised learning networks adapt by changing their weights by anwar
proportional to the difference between the actu@ihat and the desired output. A
learning ratedefines the actual rate of change. This is caleghberceptron learning
rule. The learning rate must be well chosen. A dyndeacning rate would adapt as the
weights converged to their optimum.

Neural networks have been applied to expert systspeech recognition, financial
market predictors and medical diagnoses.

Nature-inspired algorithms include Genetic Algomth(GAsS), evolutionary algorithms
(EAs) and Swarm optimisation.

GA Terminology: The data set is callegp@pulation. Entities, or vectors within the
data set are callethromosomes Analogies of biological mechanisms are applied to
the population, namelgelection(pairing of chromosomesgross-over(algorithmic
changes) anthutation (random changes). Given a mechanism for determitag
fitnessof the population, the mechanisms are iteratiaglylied until a stop condition,
or threshold, is reache8electioncan be made randomly or according to probability;
crossovercan be made with a fixed probability (e.g. 0.8 aandom point on the
chromosomernutationcan be made using a fixed, small probability (e@01) or a
dynamic one. An additional stegljtist survival, suggests storing the best fitting
chromosome to avoid it being crossed-over or mdtate

GA K-means: for clustering ™ entities, randomly generate a populatiof vectors
of N integers, each integerl < i < K. Apply GA to this population.

EA K-means: for clustering entities withfeatures, randomly generate chromosomes of
K-v real numbers, which represents the centroids,, ..., . The length of the
chromosome is not dependent on the number ofes)téin advantage over GGA

means above. Cross-over and mutation apply as@AtiDifferential evolution is a
variation on EA whereby cross-over and mutationnageged into a single step

involving four chromosomes at a time.
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Particle swarm optimisation has no biological rottstead of a population and
chromosome, the ternssvarm andparticle are used. Particles do not cross-over or
mutate but do move in a seemingly random fashietipyovide order within the overall
swarm. Compare with the Brownian motion of smokeiglas, the movement of shoals
of fish, of swarms of wasps or herds of animalgherresults of elections or ‘ask the
audience’ in the TV quiz showho wants to be a Millionaire

Fuzzy Setsare good for modellingncertainty Rather than using absolute values, a
fuzzy set, valid to some degree overirgerval, is used. A fuzzy set is expressed by a
membership function, which can have any shape, although triangularti@upezoidal
are common shapes. Fuzzy sets differ from prolsgibildistributions whereby the latter
indicate the chance of an entity being part oftaleduzzy logic, an entitgan bejust
partly in a fuzzy set.

Set theory applies to fuzzy sets:

Union: AUB = /lAUB(X) = mapr(x),/lB(x))
Intersection: AN B = uans(X) = min(a(X),us(X))
ComplementA — pa(X) = 1 -ua(X)

—A [ e

AUA ANA

Square €risp, orinterval), trapezoidal and triangular fuzzy sets can benddfby four
(or fewer) axis points:

W H W /ID C\ W /b/c\
a d a d a d
a=b<c=d a<b<c<d a<b=c<d

Applications for fuzzy sets include car navigatgystems, information retrieval
systems, automatic train controllers, robot arceed and graphics controllers for
automated police sketchers.

A central fuzzy setis a single fuzzy set derived from a set of fugeis. For example,
with a set of triangular fuzzy sets, each definga ltriplet, the central set could be
derived by calculating the grand mean for each eferaf the triplet, i.e.
L(é,b,b) = Zia/N, Zith/N, %iGi/N.
This can also be expressed as the minimal valugnéofunction
L(a,b,c)=Ei(a-ay+Zi(b-b)*+i(b-b)%)/N

A central fuzzy set is distinct from the centreadfizzy set, which can be calculated in
many ways, e.g. centre of gravity or centre of mass
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