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CLIFF: Novel Instance Reduction Technique With
Application to Forensic Data

computation time,
storage requirements,
the effects of outliers on the classification results,
the negative effect of data sets with non-separable and/or over-

lapping classes,
and a low tolerance for noise.

To alleviate these drawbacks, all PLS have endeavored to
create or select prototypes from training data and maintain
comparable accuracy. A shortcoming of many PLS is their
time complexity, i.e., most algorithms are polynomial. Con-
sidering that the computation time of NNC is a concern,
faster PLS would be preferred. We propose CLIFF, a linear
algorithm. The basic structure of the CLIFF algorithm involves
a ranking measure which ranks the values of each attribute in
a training set. The values with the highest ranks are the used
as a rule or criteria to select instances/prototypes which obeys
the rule/criteria. Intuitively these prototypes best represent the
region or neighborhood it comes from and so are expected to
eliminate the drawbacks of NNC particularly 3, 4 and 5 above.

With seven(7) standard data sets from the UCI repository
[?], the outcome of this work demonstrate that for most cases,
CLIFF is statistically the same as or better than those from
1NN rule clssifier as well as three other PLS. Finally in the
forensic case study a data set composed of the infrared spectra
of the clear coat layer of a range of cars, the performance anal-
ysis showed that it is strong with near 100% of the validation
set finding the right target. Also, prototype learning is applied
successfully with a reduction in brittleness while maintaining
statistically indistinguishable results with validation sets.
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I. INTRODUCTION

Since the creation of the Nearest Neighbor algorithm in
1967 (Hart [?]), a copious amount of prototype learning
schemes (PLS) have appeared to remedy the five (5) major
drawbacks associated with the algorithm and it’s variations.
First, the high computation costs caused by the need for each
test sample to find the distance between it and each training
sample. Second, the storage requirement is large since the
entire dataset needs to be stored in memory. Third, outliers
can negatively affect the accuracy of the classifer. Fourth
the negative effect of data sets with non-separable and/or
overlapping classes and last, the low tolerance to noise. To
solve these issues, PLS are used. Their main purpose is to
reduce a training set via various selection and/or creation
methods to produce good prototypes (Figure ??). Good here
meaning that the prototypes are a good representation of the

original training data set such that they maintain comparable
or improved performance of a nearest neighbour classifier
while simultaneously eliminating the effects of the drawbacks
mentioned previously.

A review of the literature on prototype learning for this
thesis has yielded at least 40 PLS each indicating with experi-
mental proof that their particular design is comparable or better
than the standard schemes; published surveys of PLS can be
found in [?], [?], [?], [?]. However many of these schemes
suffer from at least one of the following disadvantages:

• computationally expensive
• order effects (where the resulting prototypes are unrea-

sonably affected by the order of the original training set)
• overfitting
The goal of this work is not to be unduly critical of the

PLS which may succumb to any of the above disadvantages
(particularly since many of them have proven to be successful),
but rather to present a novel approach to this field of study
which overcomes these disadvantages to report little or no loss
in recognition of NNC.

Thus, this work presents CLIFF, a prototype learning
scheme which runs in linear time, is independent of the
order of the training set and avoids overfitting. A novel
feature of CLIFF is that instead of either removing or adding
(un)qualified prototypes from/to a ’prototype list’based on
misclassification or clustering, criteria are generated for each
target class. These criteria are created using a ranking algoritm
called BORE (Best Or Rest) [?] or SBBR (Support Based
Baysean Ranking) algorithm, which finds the value for each
attribute which best represents the specific target class i.e.
have the highest ranks. Any of the instances in the training set
which adheres to some or all the criteria is or are selected as
prototypes. Using this structure the percentage reduction of the
training set is directly related to the number of constraints from
the criteria used on the prototype selection process, in that the
more constraints used the lower the percentage reduction.

In this work, to be sure that each class is represented in
the final list of prototypes, instances are selected using one
contraint at a time until the prototype list is reduced as much
a possible without being empty.

After describing the design and operation of CLIFF, its
performance is demonstrated by evaluating it using cross-
validation experiments with the wide variety of standard data
sets from the UCI repository [?].

Next we describe how CLIFF can be used as part of a
tool/model for the evaluation of trace forensic evidence. The
principal goal of forensic evaluation models is to check that
evidence found at a crime scene is (dis)similar to evidence
found on a suspect. In our studies of forensic models for
evaluation particularly in the sub-field of glass forensics, we
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conjecture that many of these models succumb to the following
flaws:

1) A tiny error(s) in the collection of data;
2) Inappropriate statistical assumptions, such as assuming

that the distributions of refractive indices of glass col-
lected at a crime scene or a suspect obeys the properties
of a normal distribution;

3) and the use of measured parameters from surveys to
calculate the frequency of occurrence of trace evidence
in a population

In this work we show that CLIFF plays an effective role in
the evaluation of forensic trace evidence.

Our research is guided by the following research question:
• Is CLIFF viable as a Prototype Learner for NNC?

The goal here is to see if the performance of CLIFF is
comparable or better than the plain k nearest neighbor
(KNN) algorithm and three(3) other PLS. So in our first
experiment we compare the performance of predicting the
target class using the entire training set to using only the
prototypes generated by CLIFF and the other PLS.

The paper is organized as follows: The next section provides
a survey of Prototype Learning Schemes over the years. In
Section 3, we describe the design and operation of CLIFF.
This is followed by a detailed description of the experimental
procedure followed to analyze standard data-sets using CLIFF
in Section 4. Section 5 examines a case study in which CLIFF
is used as part of a forensic interpretation model to reduce the
brittleness of published forensic models. Finally, we conclude
the paper and discuss future work in Section 6.

II. BACKGROUND AND RELATED WORK

In Section 1, the optimal goal of PLS as a solution to the
drawbacks of NNC is highlighted. To continue this discussion,
in this section we present a brief survey of PLS starting with
one of the earliest - Hart’s 1968 Condensed Nearest Neighbor
(CNN) [?] to a method published in 2010. The reader will
see that since 1968, researchers in this field have created PLS
which fit into at least one of two(2) categories: 1) instance
selection and 2) instance abstraction.

Before moving forward, in the interest of clarity, the fol-
lowing terminology are used throughout the remainder of this
work: all data-sets refers to supervised data-sets and each data-
set consists of rows and columns where each row is referred
to as an instance and each column is called an attribute except
for the last column which is the target class; a prototype is
an instance selected or created to be part of the final reduced
training set and finally, consistency is defined as the ability of
the final subset of prototypes to correctly classify the original
training set.

A. Prototype Learning for Nearest Neighbor Classifiers

Research in prototype learning is an active field of study
[?], [?], [?], [?], [?], [?], [?], [?], [?], [?], [?], [?]. A review
of the literature in this field has revealed two(2) categories of
PLS: 1) instance selection and 2)instance abstraction. Instance
selection involves selecting a subset of instances from the

original training set as prototypes. Using what Dasarathy [?]
terms as edit rules, instance selection can take place in four(4)
different ways.

1) incremental (CNN [?])
2) decremental (RNN)
3) a combination of 1 and 2
4) border points, non-border points or central points
Instance abstraction involves creating prototypes by merging

the instances in a training set according to pre-determined
rules. For example, Chang [?] merges two instances if the have
the same class, are closer to each other than any other instances
and the result of merging does not degrade the performance
of NNC. Figure 1 shows the PLS surveyed in this work.

Name Abbreviation Cite Type
Condensed Nearest Neighbor CNN [?] Instance Selection
Reduced Nearest Neighbor RNN [?] Instance Selection
Minimal Consistent Set MCS [?] Instance Selection
Prototype Selection by Clustering PSC [?] Instance Selection
The Chang and Modified Chang Algorithms MCAs [?], [?] Instance Abstraction
Learning Vector Quantization LVQ [?] Instance Abstraction

Fig. 1. PLS surveyed in this work

B. Instance Selection

1) Condensed Nearest Neighbor (CNN): Different PLS use
various rules to determine which instance in a training set
is a worthy choice as a prototype. Each also tend to focus
on specific goals such as increasing speed or performance or
storage reduction. CNN [?] uses a incremental strategy where
it initializes a random subset of prototypes and adds to the list.
Hart’s goal with CNN focused on storage reduction with the
aim to create a minimal consistent set, i.e. a smallest subset of
the complete set that also classifies all the original instances
correctly.

Figure 2 shows the pseudo-code for CNN which begins by
randomly selecting one instance from each target class and
stores them as prototypes in a list. These prototypes are then
used to classify (using the 1NN rule) the instances in the
training set. If any of theses instances are misclassified they
are added to the prototype list. This process is repeated until
the prototype list can no longer be increased.

Admittedly, although a reduction in the training set with
consistency was accomplished, Hart did not achieve his goal
of a minimal consistent set with CNN. CNN also suffers with
the following disadvantages:

• sensitive to the initial order of input data
• sensitive to noise which can degrade performance

2) Reduced Nearest Neighbor (RNN): RNN [?] takes an
opposite approach to CNN. Its strategy is decremental. So
rather than start with a subset of the training set as CNN
does, RNN uses the entire training set as initial prototypes
and reduces the list. In the end, it is computationally more
expensive than CNN, but always produces a subset of a CNN
result.
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INITIAL_PROTOTYPES = [RANDOM(FROM EACH TARGET CLASS)]
PREV = []
CUR = [INITIAL_PROTOTYPES]

REPEAT UNTIL PREV = CUR
MISCLASSIFIED = classify TRAIN and RETURN MISCLASSIFIED INSTANCES
PREV = CUR
CUR = MISCLASSIFIED + CUR

END

Fig. 2. Pseudo-code for CNN

The algorithm begins by setting the initial prototypes as the
entire training set. From here, a prototype is removed if and
only if its removal does not cause the misclassification of any
instance in the training set. This procedure stops when no more
prototypes can be removed from the prototype list. Figure 3
shows the pseudo-code for RNN.

PREV = []
CUR = [TRAIN]

REPEAT UNTIL PREV = CUR
PREV = CUR
IF (CUR - (FIRST CUR)) cause misclassification of TRAIN
CUR = CUR
CUR = (REST CUR)

END
END

Fig. 3. Pseudo-code for RNN

3) Minimal Consistent Set (MCS): The goal of the MCS is
to achieve what Hart [?] failed to achieve: a minimal consistent
set. MCS uses a voting strategy which favors instances with
the greatest number of like instances (in other words, those
with the same class) closer to them than unlike instances.

As explained in [?], MCS takes a decremental approach
as with RNN where at first the entire training set is seen
as the initial prototypes. Then for each of these prototypes
the distance of its nearest unlike neighbor (NUN), i.e. nearest
neighbor with a different class, is found. Next, all nearest like
neighbors (NLN) of this prototype whose distances from the
prototype are less than that of the NUN are stored. Each of
these NLN are counted as a vote toward the prototype for can-
didacy as a final prototype. The prototype with the most votes
is then designated as a candidate and all NLN who contributed
to the vote are removed from candidacy consideration as well
as from the voting lists of other prototypes.

With the votes now updated, the process is repeated by
designating the prototype who now has the most votes as a
candidate. This process continues until the list can no longer
be reduced. Further, since the goal of MCS is to find the
minimal consistent set, the entire strategy is iterative in that
the reduced list is now used as input for the next iteration
starting with finding the distance of NUN for each prototype.
Figure 4 shows the pseudo-code for MCS.

PREV = []
CUR = [TRAIN]
P* = [] \\ CANDIDATE PROTOTYPE

REPEAT UNTIL PREV = CUR
PREV = CUR
CUR = MCS(CUR)

END

MCS(CUR)
REPEAT UNTIL PREV = CUR
FOR EACH c IN CUR
DISTANCE_NUN = DISTANCE(c, NUN)
VOTER_LIST = NLN
VOTES = COUNT(VOTER_LIST)

END

P* = NLN with MAX(VOTES)
CUR = CUR - P*(VOTER_LIST)

END

Fig. 4. Pseudo-code for MCS

4) Prototype Selection by Clustering (PSC): Unlike the
previous methods, PSC is uses clusters to aid in prototype se-
lection. Based on the argument that ”...in a training set interior
prototypes can be removed with little effect on classification
accuracy; and they also argue that border prototypes are critical
for classification since they provide relevant information for
preserving discrimination between classes” [?], PSC selects
prototypes which are border prototypes and also some internal
prototypes.

As explained in [?], PSC begins by dividing the training data
into regions using a clustering algorithm. Although Cmeans is
used in their work, it is made clear that any clustering method
can be used in its place and so in our experiments for this
work, Kmeans is our algorithm of choice.

After clustering, the internal prototypes are found. This is
done by first finding the homogeneous clusters (all instances
in the cluster have the same target class). Once identified, the
instance which is nearest to the centroid of each cluster is
selected as a prototype.

Now, to find the border prototypes, those clusters which are
non-homogeneous are identified. Next, all instances with the
majority target class are found and the border prototypes for
this class are those closest to instances of a different target
class(es). This is true for instances of each class. Figure 5
shows the pseudo-code for PSC.

C. Instance Abstraction

1) The Chang and Modified Chang Algorithms: Chang’s
[?] work on finding prototypes for nearest neighbor classifiers
is one of the earliest abstraction methods in the literature. The
basic idea of his algorithm is to start with every sample in
the training set as a prototype, then merge any two nearest
prototype (p1 and p2 to form p*) with the same class as long
as the recognition rate is not degraded. The new prototype
p* can be formed by simply finding the average of p1 and
p2 or the average vector of weighted p1 and p2 (Chang
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CLUSTER = [KMEANS]

CLUSTERS = CLUSTER ON TRAIN

FOR EACH cluster IN CLUSTERS
IF cluster = homogeneous
CENTROID = MEAN(cluster)
PROTOTYPE = INSTANCE NEAREST CENTROID

ELSE
LET CM BE MAJORITY CLASS IN cluster
FOR EACH CLASS CK IN cluster (CK NOT= CM)
FOR EACH INSTANCE_K IN CK

IF INSTANCE_M IN CM IS CLOSEST TO INSTANCE_K
PROTOTYPE = PROTOTYPE + INSTANCE_M
IF INSTANCE_K IN CK IS CLOSEST TO INSTANCE_M
PROTOTYPE = PROTOTYPE + INSTANCE_K

END
RETURN PROTOTYPE

END

Fig. 5. Pseudo-code for PSC

uses the weighted average). p* will have the same class as
the individual prototypes p1 and p2. The merging process
will continue until the number of incorrect classifications of
patterns in the data set starts to increase. Figure 6, shows
Chang’s algorithm.

The Modified Chang Algorithm (MCA) [?] was proposed
by Bezdek in 1998. In this approach, Chang’s algorithm is
modified in two(2) ways: 1) the arithmetic mean is used rather
than the weighted mean to merge prototypes. 2) the search for
prototypes to merge is improved by partitioning the training set
by their class labels and only searches within these respective
partitions for the nearest prototype to merge. This eliminates
the need to check for the criteria of candidate prototypes
having the same class.

2) Learning Vector Quantization (LVQ): Kohonen [?] in
1990, introduced the learning vector quantization (LVQ) to
create prototypes for the 1NN classifier using error correction
rules. LVQ is a set of learning algorithms for nearest prototype
classification and its basic algorithm, LVQ1, works by first
selecting a certain number of prototypes from each class
randomly as initial prototypes. This ensures that each class is
represented be at least one prototype. These initial prototypes
are then updated using the training set with the basic idea that
the prototypes will be attracted to training points with the same
class label and repelled by those with different class labels.
So for an input instance x, find the prototype, mi (which is
denoted by mc), that is closest to it. Equation 1 to Equation 3
defines the basic LVQ1 process of how the prototypes are
updated [?]. Here α(t) is a learning rate between 0 and 1 and
it decreases with time.

mc(t+ 1) = mc(t) + α(t)[x(t)−mc(t)] (1)

if x and mc have the same class,

mc(t+ 1) = mc(t)− α(t)[x(t)−mc(t)] (2)

Step 1: Start with an arbitrary point tj
in B* and assign it to A*

Step 2: For all points tk in B* such that
class (tk) is not equal to class (tj),
update bk to be the distance between
tk ans tj if this distance is smaller
than the present bk. Otherwise, bk is
unchanged.

Step 3: Among all the points in B*, find the
point ts which has the smallest bs
associated with it.

Step 4: If tj is not the nearest point ts such
that the classes of tj and ts are
different, go to Step 6. Otherwise
continue.

Step 5: Check whether or not d(tj, ts) is less
than bj. If no, go to Step 6. If yes,
let bj=d(tj, ts) and continue.

Step 6: Let j=s, move ts from B* to A*, and go
to Step 2 until B* is empty. When B* is
empty, the final b1,...,bm are the
desired ones.

Fig. 6. Chang’s algorithm for finding prototypes

if x and mc have the different classes,

mi(t+ 1) = mi(t) (3)

for i 6= c.

D. Summary

A troublesome feature with all the above research is the
computational cost of the proposed instance reduction meth-
ods. For instance, RNN requires that for each new instance
removed from the list, consistency must be checked to ensure
that the removal does not degrade the classification of the train-
ing set. Similarly, the Chang and Modified Chang algorithms
have a consistency issue in that before a new prototype can
be created via merging, consistency must be checked. On the
other hand, PSC has a three(3) step process which contributes
to its computational cost, first the clustering of the training
set followed by the testing whether clusters are homogeneous
or heterogeneous, and finally there is the task of finding the
border prototypes of heterogeneous clusters. In the following
section we propose a novel instance reduction method with
envious computational costs.

III. CLIFF DESIGN AND OPERATION

The PLS that we have discussed so far in the previous
chapter tend to be based on misclassification, clustering,
stochastic search and so on. Rarely does one come across a
PLS which considers the idea that some ranges of values for
attributes can be critical in selecting prototypes for each class.
In other words, we consider using techniques practiced in the
field of Feature Subset Selection (FSS) for instance selection.

CLIFF was born from this idea, in that the selection of a
prototype is dependent on whether each value in an instance
satisfies the criteria of being present in a range of values which
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has been determined to be critical in distinguishing a particular
class. The following section explains the design of CLIFF in
detail starting with the core of CLIFF - SBBR - and ending
with CLIFF’s time complexity.

Before moving forward it is important to note that if a data-
set contains attributes whose values are numeric, the values are
binned using an equal frequency binning algorithm [?] which
sorts attribute values into N equal frequency regions making
sure that there are no repeats in the numbers which are the
boundaries between regions. We refer to the values in these
bins as a range of values and is represented by a bin number.
On the other hand, if an attributes contains discrete values then
these are simply refered to as values. In the experiments in
Chapter ??, N = 10.

A. The Support Based Bayesian Ranking Algorithm (SBBR)

The core of CLIFF is to find for a particular attribute a
range of values more likely to be present for a particular
class. To find these ranges, CLIFF uses a Bayesian ranking
measure which includes a support measure (SBBR). First we
assume that the target class is divided into one class as best
and the other classes as rest [?]. This makes it easy to find
the attribute values which have a high probability of belonging
to the current best class using Bayes theorem. The theorem
uses evidence E and a prior probability P (H) for hypothesis
H best, rest, to calculate a posteriori probability P(H|E) =
P(E|H)P(H) / P(E). When applying the theorem, likelihoods
are computed from observed frequencies, then normalized to
create probabilities: this normalization cancels out P (E) in
Bayes theorem (see Equation 4).

Let likelihood = like

P (best|E) =
like(best|E)

like(best|E) + like(rest|E)
(4)

Unfortunately, one problem was found using the theorem,
according to [?], Bayes theorem is a poor ranking heuristic
since it is distracted by low frequency evidence. To alleviate
this problem the support measure was introduced. Its purpose
was to increase as the frequency of a value increases i.e.
like(best|E) is a valid support measure hence Equation 5.

Let likelihood = like

P (best|E)∗support(best|E) =
like(best|E)2

like(best|E) + like(rest|E)
(5)

So in this work, each attribute value or range of values
is ranked according to Equation 5. Once ranked, the critical
ranges for each attribute are extracted (those with the highest
ranks) and used as the criterion for selecting instances from
the current best class. The whole process is repeated using a
different class as best and all the others (including the previous
best class) as rest. When a criterion for each class has been
found the process ends. Figure 7 shows the pseudocode for
ranking each value of an attribute for an entire training data
set.

A = [Attributes]
BEST = [Instances with current best class]
REST = [Instances with other classes]
FREQ = [frequency]
LIKE = [likelihood]
EFB = [EqualFrequencyBinning]
BIN = [Values within Attribute range]
P_BEST = [Probability of BIN in BEST]
P_REST = [Probability of BIN in REST]

BIN_DATA = EFB on data
FOR EACH attribute in A{
FOR EACH BIN IN attribute{
P_BEST = count(BEST) / count(data)
P_REST = count(REST) / count(data)
FREQ(BIN|BEST) = count(BIN in BEST) / count(BEST)
FREQ(BIN|REST) = count(BIN in REST) / count(REST)
LIKE(BEST|BIN) = FREQ(BIN|BEST) x P_BEST
LIKE(REST|BIN) = FREQ(BIN|REST) x P_REST
LIKE_BEST_REST = LIKE(BEST|BIN) + LIKE(REST|BIN)
RANK = LIKE(BEST|BIN)ˆ2 / LIKE_BEST_REST
RETURN [BIN, RANK]

END
END

Fig. 7. Pseudo code for Support Based Bayesian Ranking algorithm for
finding the rank of each value in each attribute.

B. Instance Selection Using Criteria

Once the criterion for each class has been found, the
question is - how do we use it to select instances? There is the
possibility that using the entire criterion could result in zero
instances being selected. To avoid this we use one critical
range at a time for instance selection until just before there
are no more instances to select from or the number of instance
selected at between 0 and 15% of the number of instances in
the class. Another problem considered is the order in which the
critical ranges are used. This problem is solved by sorting them
in descending order according to there rank values. Figure 8
shows the pseudocode for the process.

CRITERIA = [LIST OF CRITICAL RANGES
SORTED BY HIGH TO LOW RANK]

N = NUMBER OF INSTANCES IN CLASS
PROTOTYPES = [INSTANCES IN CLASS]

REPEAT UNTIL (PROTOTYPES = PREVIOUS) OR
(|PROTOTYPES| = [0 AND 15%] OF N)

PREVIOUS = PROTOTYPES
WHILE c IN CRITERIA

PROTOTYPES = INSTANCES WITH c
IF PROTOTYPES = EMPTY

PROTOTYPES = PREVIOUS
END

RETURN PROTOTYPES
END

Fig. 8. Instance Selection Using Criteria
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C. CLIFF: A Simple Example

forecast temp humidty windy play
1. sunny hot high FALSE no
2. sunny hot high TRUE no
3. overcast hot high FALSE yes
4. rainy mild high FALSE yes
5. rainy cool normal FALSE yes
6. rainy cool normal TRUE no
7. overcast cool normal TRUE yes
8. sunny mild high FALSE no
9. sunny cool normal FALSE yes
10. rainy mild normal FALSE yes
11. sunny mild normal TRUE yes
12. overcast mild high TRUE yes
13. overcast hot normal FALSE yes
14. rainy mild high TRUE no

Fig. 9. A log of some golf-playing behavior

For this example we use the weather data-set shown in
Figure 9. This data-set contains four(4) attributes that report
on the forecast (sunny, overcast and rainy), temperature (hot,
mild and cool), humidity (high and normal) and whether or
not the day is windy (true or false). Of the 14 days observed,
on nine(9) of them, golf was played and on the remaining
five(5) days, no golf was played.

To create a criterion for each class in this data-set, we first
divide it into best and rest. For this example, let us say
that all the instances with the yes class are best while the
others are rest. Now we find the ranks of each value in each
attribute, so let K = 14 (total number of instances), best =
9 and rest = 5. To find the rank of sunny in forecast the
following calculations are completed in Figure 10.

E = sunny
P(best) = 9/14
P(rest) = 5/14
freq(E|best) = 2/9
freq(E|rest) = 3/5
like(best|E) = 2/9 * 9/14 = 2/14
like(rest|E) = 3/5 * 5/14 = 3/14
P(best|E) = (2/14) / (2/14 + 3/14) = 0.40

P(best|E) * support(best|E) = (2/14)ˆ2 / (2/14 + 3/14)
= 0.06

Fig. 10. Finding the rank of sunny

Once the ranks are found for each value for each attribute,
the criterion is created using the highest ranked values in each
attribute to create [attribute, value] pairs. For this example we
will use the following as the criterion for the yes class:

[[forecast, rainy] [temp, mild] [humidity, high] [windy, FALSE]]

With this criterion, after applying [forecast, rainy], we are
left with three instances (4, 5 and 10):

rainy mild high FALSE yes

rainy cool normal FALSE yes
rainy mild normal FALSE yes

Since this is about 33% of the data in the yes class, the second
pair [temp, mild] in the criterion is used on the three instances.
This yield two(2) instances (4 and 10) reducing the data in the
yes class to about 22%:

rainy mild high FALSE yes
rainy mild normal FALSE yes

With the algorithm preferring a reduction of between 0 and
15%, the third pair in the criterion is applied to the two(2)
instances. The result of this is zero instances left and so the
result of the previous pair is kept.

D. CLIFF: Time Complexity

Intuitively, time complexity for CLIFF can be considered
in terms of 1) ranking each value in each attribute, a O(m)
operation where m represents attributes, 2) finding the criteria
for each class, a O(m) + O(k) operation where k represents
the class, and 3) selecting instances from each class using the
criteria a O(n) operation where n represents the number of
instances.

Assuming that n > m > k (which is the case for all data-
sets used in this thesis), this process yields a complexity of
O(m) + O(m) + O(k) + O(n) which reduces to O(n).

IV. CLIFF ASSESSMENT

In Section 3, we discussed the design and operation of
CLIFF with the help of a simple example. We also showed
its time complexity as linear - O(n) in Section III-D. In this
chapter, we look at how CLIFF performs against other PLS
with three(3) evaluation methods. CLIFF is evaluated by first
comparing its performance with three(3) PLS spanning the
decades from 1968 (Hart’s CNN [?]) to MCS in 1994 [?] and
finally 2010 PSC [?]. We then move on to examine the noise
tolerance of each PLS studied here by introducing artificial
noise to the training sets. Finally we take a look at what we
call the brittleness measure. Brittleness, discussed in Chapter
5, is defined as a tiny change in the input data can lead to a
major change in the output. As the reader will see, we view
instance selection as a viable method to decrease brittleness
and the following sections will show that CLIFF does a better
job of reducing the impact of brittleness than any other PLS.

A. Data Sets

Figure 11 lists the nine(9) data sets used to assess CLIFF.
The number of instances and attributes per instance are shown
for each data set, along with the number of distinct classes
of instances. All of these data sets were acquired from the
UCI repository [?]. Since CLIFF is designed for data sets
with discrete values, all data sets with numeric attribute
values are discretized by the Fayyad and Irani [?] discretizer
implemented in WEKA.
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Data Instances Attributes Class
Breast Cancer 286 9 2
Ecoli 366 8 8
Glass 214 9 6
Heart (Cleveland) 303 13 2
Hepatitis 155 19 2
Iris 150 4 3
Labor 57 16 2
Lymph 148 18 4
Vote 435 16 2

Fig. 11. Data Set Characteristics

B. Experimental Method

We evaluate CLIFF as a prototype learning scheme on
standard data sets in cross validation experiments. Its perfor-
mance compared with CNN, MCS and PSC is measured using
probability of detection (pd) and probability of false alarm
(pf) completed as follows [?]: By allowing A, B, C and D
to represent true negatives, false negatives, false positives and
true positives respectfully, it then follows that pd also known
as recall, is the result of true positives divided by the sum of
false negative and true positives D / (B + D). While pf is the
result of: C / (A + C). The pd and pf values range from 0
to 1. When there are no false alarms pf = 0 and at 100%
detection, pd = 1.

The results were visualized using quartile charts as in [?].
To generate these charts the performance measures for the pds
and pfs are sorted to get the median, lower and upper quartile
of numbers. For our quartile charts, the upper and lower
quartiles are marked with black lines; the median is marked
with a black dot; and the vertical bars are added to mark the
50% percentile value. Figure 12 shows an example where the
upper and lower quartiles are 39% and 59% respectively, while
the median is 49%.

0.7 100mm!quartc

Fig. 12.

Finally, the Mann-Whitney U test was used to test for
statistical difference of the different PLS. These results are
shown as rank values starting at one(1). The lower the rank
value, the better the performance of the prototype learner.
Please note that prototype learners with the same rank value,
are not statistically different. The following sections describes
the experiments and discusses the results.

C. Experiment 1: Is CLIFF viable as a Prototype Learning
Scheme for NNC?

The goal here is to see if the performance of CLIFF is
comparable or better than the plain k nearest neighbor (KNN)
algorithm, and the CNN, MCS and PSC prototype learners.
In this experiment we compare the performance of predicting
the target class using the entire training set to using only
the prototypes generated by the prototype learners including
CLIFF. To accomplish this, our experiment design follows the

pseudo code given in Figure 13 for the standard data sets. For
each data set, tests were built from 20% of the data, selected
at random. The models/prototypes were then learned from the
remaining 80% of the data.

This procedure was repeated 5 times, randomizing the order
of data in each data-set each time. In the end CLIFF is tested
and trained 25 times for each data set.

DATA = [bc dm hc hh ir lv mm]
LEARNER = [KNN]
PLS = [KNN CLIFF CNN MCS PSC]
STAT_TEST = [Mann Whitney]

FOR EACH PLS
REPEAT 5 TIMES

FOR EACH data IN DATA
TRAIN = random 80% of data
TEST = data - TRAIN

\\Construct model from TRAIN data
r_TRAIN = Reduce TRAIN with PLS
MODEL = Train LEARNER with r_TRAIN

\\Evaluate model on test data
[pd, pf] = MODEL on TEST

END
END

END

Fig. 13. Pseudo code for Experiment 1

D. Results from Experiment 1

The results for this experiment and Experiment 2 (discussed
in the following section) are shown in Figure 14. For each
data-set, the first column shows results where no noise is added
to the training set. the each figure shows the results for a clean
data-set (without noise) and a noisy data-set (with noise). For
both the clean and noisy data-sets, the [pd, pf] quartile charts,
the percentage of the data-set used for training after using the
PLS and the rank values showing the significant difference
between the PLS and KNN are presented.

Let us focus on the clean results for each data-set from
Figure 11. First, we compare the CLIFF results with those of
the baseline KNN. As shown, despite using only 9% to 15%
of the training set, the pds and pfs results of CLIFF compares
favorably with those of KNN showing similar or better rank
values in most cases. For example, the Mammography(mm)
data set (Figure ??) ranks as number one(1) for both the pd and
pf results while KNN ranks at number three(3). In Figure ??,
the Liver(lv) data set exhibits statistically similar results for pd
while for pf CLIFF has a much better statistical performance
than KNN. Figure ?? to Figure ?? also show encouraging
results for CLIFF as compared with KNN, however Figure ??,
the Breast Cancer(bc) data set shows an exception, with the
pd and pf statistical results for KNN better than CLIFF.

Next, let us consider the results of the PLS. As compared
with the other PLS, CLIFF does as well as or better than the
others in all but one(1) case. However, although for the bc data
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set, CNN present statistically better pd and pf results, it does
so with 62% of the training data for median pd and pf values
of 55% and 39% respectively, while CLIFF only needed 11%
of the training data for median pd and pf values of 67% and
20% respectively.

So generally, CLIFF has markedly lower pfs than the other
PLS and KNN, this is especially true for the hh and ir data
sets. Also the low pfs does not come at the cost of lower pds,
infact, CLIFF’s median pd results are competitive (sometimes
even the best) of all the other PLS.

E. Experiment 2: How well does CLIFF handle the presence
of noise?

The goal here is to see if the CLIFF works well in the
presence of noise. This is important because according to [?]:

In the presence of class noise, ... there are two
main problems that can occur. The first is that very
few instances will be removed from the training set
because many instances are needed to maintain the
noisy (and thus overly complex) decision bound-
aries. The second problem is that generalization
accuracy can suffer, especially if noisy instances are
retained while good instances are removed.

With that said, in this experiment we repeat Experiment 1,
only this time noise is introduced to training data by randomly
changing the target class of 10% of the instances in the training
data to any other target class value. The the results here will
indicate how well the 1NN classifier along with the different
PLS are able to predict the correct target class even if some
of its training data is faulty [?].

F. Results from Experiment 2

The noisy tables in Figure ?? to Figure ?? displays the
results of Experiment 2. The first thing to recognize is that
compared to the clean tables, there is a general degradation
of the pd and pf results for each data set. However in some
cases such as the pd results for bc the pds can degrade by
as little as 1%. The second thing to recognize is that while
the sizes of the training data basically remains the same for
CLIFF (differences of no more that 2%) for all data sets, the
other PLS display a general increase in the training set sizes
except for PSC whose training size decrease from 42% to 40%.

G. Experiment 3: Can CLIFF reduce brittleness?

In this work, brittleness refers to the following:

Brittleness is a measure of whether a solution (pre-
dicted target class) comes from a region of similar
solutions or from a region of dissimilar solutions.
Or, looking at this another way, how far would a
test instance have to move before a different target
class is predicted.

Take for example the Before CLIFF chart in Figure 15,
the classes versicolor and virginica obviously show severe
overlap. Also, the versicolor test instance represented by the

1
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Fig. 15.

purple square does not have to move very far before it can
change its predicted target class to virginica. Looking now
at the After CLIFF chart in Figure 15, after applying CLIFF,
a subset of instances are selected as prototypes. This increases
the distance from the versicolor test instance to a prototype
with the virginica class thereby reducing brittleness.

With this measure in mind, the goal here is to see how each
prototype learning scheme studied here reduces the brittleness
of the KNN model where k=1. Brittleness will be measured
by distance each test instance moves before changing its
original predicted target class. Intuitively, the further away
the test instance has to move the less brittle the model. The
experiment design for brittleness can be done in conjunction
with Experiment 1 by collecting the distances of each test
instance with a predicted target class to the nearest training
instance with a different target class. This is done for each
prototype learning scheme and 1NN. The distances generated
are joined, sorted and labelled according to their position in
the list. for example, let us say that A and B are PLS with the
distance values of [2, 2, 2, 3, 4, 3, 77] and [6, 7, 3, 9, 1, 1, 1,
100] respectively. After being joined, sorted and labelled the
result is as follows:

PLS B B B A A A A A B A B B B A B
Sort 1 1 1 2 2 2 3 3 3 4 6 7 9 77 100
Position 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Label 1 1 1 5 5 5 8 8 8 10 11 12 13 14 15

As shown, labels are assigned according to the position of
a value in the list, however, if values are the same, the mean
of their position values are used as a label.

H. Results from Experiment 3

Figure 16 and Figure 17 present the results for this experi-
ment. The pattern is very clear: CLIFF does a much better job
of reducing brittleness in all cases than any of the other PLS.
Each chart in Figure 16 represents results for the different
data sets used in this work. They all show that the CLIFF
test instances have to move further away (most of the time)
before there is a change in their target classes. These results
are confirmed by a Mann Whitney statistical test (Figure 17),
which show that the CLIFF results are statistically different
and better than the other PLS.

I. Summary

Collectively, the results of the above experiments indicate
that CLIFF may be effective in the field of forensic inter-
pretation where a very low false alarm rate pf is desired.
Here, CLIFF can be used to help lower the pfs of a forensic
interpretation model. The results of Experiment 1 indicate this
possibility in the median pf results where CLIFF’s values
ranges from 0 to 47 and are lower or the same as the baseline
(KNN) pf results.
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Fig. 16. Position of distance values for PLS

Clusters PLS Significance
5*Breast Cancer (bc) cliff 1

mcs 2
psc 2
cnn 3
knn 3

5*Dermatology (dm) cliff 1
mcs 2
psc 2
cnn 3
knn 3

5*Heart Cleveland (hc) cliff 1
mcs 2
psc 2
cnn 2
knn 2

5*Heart Hungarian (hh) cliff 1
mcs 2
psc 2
cnn 2
knn 2

5*Iris (ir) cliff 1
mcs 2
psc 3
cnn 3
knn 4

5*Liver Bupa (lv) cliff 1
mcs 2
psc 2
cnn 3
knn 3

5*Mammography (mm) cliff 1
mcs 2
psc 2
cnn 3
knn 3

Fig. 17. Summary of Mann Whitney U-test results for Experiment 3 (95%
confidence): In the Significance column, indicates that CLIFF is better than
other PLS with the greatest brittleness reduction reported.

V. CONCLUSIONS AND FUTURE WORK

A. Conclusions

Our goal in this work has been to evaluate the hypothesis
that there are critical ranges of values for each attribute of a
data set which can be used to select instances from the data
set to be used as prototypes to improve the performance of
nearest neighbor classifiers. To this end we have presented a
prototype learning scheme called CLIFF, that uses a ranking
algorithm to create a criterion for each class in a data set.
These criteria are then used to select instances as prototypes.
CLIFF was then tested on eight(8) data sets and compared
with three(3) PLS (CNN, MCS and PSC). We showed that
CLIFF:

1) has a time complexity of O(n);
2) reduces training sets to a range of 9 to 15%;
3) has pd and pf results which compares favorably with

1NN and other PLS in several standard data sets;
4) does not significantly increase the number of instances

selected in the presence of noise as compared with other
PLS;

5) reduces brittleness substantially in most data sets used.
In response to the concern of the National Academy of

Sciences which stated in a report [?] that, ”With the exception
of nuclear DNA analysis ...no forensic method has been
rigorously shown to have the capacity to consistently, and
with a high degree of certainty, demonstrate a connection
between evidence and a specific individual or source”, we
also designed and implemented a forensic interpretation model
called the CLIFF Avoidance Model, CAM. The tools in CAM
were chosen to address this issue of the lack of consistency
in forensic methods. We define this lack of consistency as
brittleness and recommend that forensic scientists include a
brittleness measure for their models so that they know how
reliable their models results are.

CAM successfully uses 1NN as the baseline model, and
CLIFF to reduce its brittleness in order to achieve the desired
consistency for forensic interpretation. In other words, with
CAM, for an interpretation to change, there must be sufficient
evidence.

From these collective findings we conclude that CLIFF’s
simple linear algorithm is an excellent addition to the field of
prototype learning and a worthy addition to forensic models. It
performs as well as and sometimes better than some published
PLS which are complex and therefore computationally expen-
sive. Furthermore, since it is designed to choose prototypes
which best represent an individual class, an overfitting bias is
avoided.
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B. Future Work

1) Using CLIFF with Other Classifiers: Although CLIFF
was created to eliminate the drawbacks of nearest neighbor
classifiers, the next step would be to try CLIFF with other
standard classifiers particularly decision tree learners which
have a tendency to produce complex theories [?]. We con-
jecture that reducing the size of the training set with CLIFF
beforehand will produce shorter trees and therefore simpler
theories.

2) Using CLIFF to Optimized Feature Subset Selection: In
Section ?? we reduced the dimensionality of the data set used
with FastMap [?]. With the new data set CLIFF was still able
to produce favorable results. It would be interesting to see if
the same can happen using feature subsets.

3) Comparing CAM to Other Forensic Models and Forensic
Data Sets: In this work CAM was only tested on one data
set and it’s performance was not compared directly to other
forensic models. We intend to first test other methods for
brittleness, second, identify any causes of brittleness if
present and finally compare their performance with CAM.
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