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Abstract

We address two problemsin the lifecycle of
aproduction classifier: the monitoring of its
decisions quality and the updating of the
classifier over time. The proposed
architecture consists of four off-line
classifiers and an associative fuson
module. The fusion is a T-norm based
outer-product of the classifiers normalized
outputs. By attaching a confidence measure
to each output of the fusion, we generate a
distribution of the production classifier's
quality. The lower tail of this distribution
identifies the least reliable cases, which
become candidates for auditing and manual
QA. The upper tail identifies the most
reliable cases, which become candidates for
updating the standard reference data set
used to design and tune the production
classifier. We illustrate this approach with
an insurance underwriting problem.

Keywords: Classification, Fusion, T-norms, Fuzzy
Constraints, Case based Reasoning.

1 Introduction

The automation of rea-world decision-making
processes requires addressing each step in the
lifecycle of its underlying decison engine. The
development and deployment of such engine
represent the first stage of its lifecycle. Once an
engine has been placed in production, it is equally
important to monitor its performance and probe the
quality of its decisions. In previous papers we have
described the design and optimization of two
decision engines for underwriting insurance
applications. Both engines, based on fuzzy
congtraints and fuzzy case-based reasoning [1,3],
used an evolutionary agorithm to optimize their
underlying parameters and minimize the cost of
misclassification [4]. The core of this optimization
was the generation of a set of Standard Reference
Decisions (SRD). In [5] we discussed the lifecycle
of a classfier with an emphasis on its validation,

verification, and knowledge-base maintenance. In
this paper we focus on the monitoring and quality
assurance of the production classifier’s decisions.

2. The Classification Problem

As presented in [5] we will use a representative,
challenging classification problem: the process of
underwriting insurance applications.  Insurance
underwriting (UW) is a complex decision-making
task traditionally performed by trained individuas.
An underwriter must evaluate each insurance
application in terms of its potential risk for
generating a claim, e.g. mortality in the case of term
life insurance. An application is compared against
standards adopted by the insurance company, which
are derived from actuaria principles related to
mortality. Based on this comparison, the
application is classfied into one of the risk
categories available for the type of insurance
requested by the applicant. The accept/rgect
decision is also part of thisrisk classification, since
risks above a certain tolerance level will typically be
rgected. The estimated risk, in conjunction with
other factors such as gender, age, and policy face-
value, will determine the appropriate price
(premium) for the insurance policy. When al other
factors are the same, to retain the fair value of
expected return, higher risk entails higher premium.

We define an insurance application as an input
vector X containing discrete, continuous, and
atribute variables. These variables represent the
applicant’s medical and demographic information
that has been identified by actuaria studies to be
pertinent to the estimation of the applicant’s clam
risk. Similarly, we define the output space Y, eg.
the underwriting decision space, as an ordered list of
rate-classes. Due to the intrinsic difficulty of
representing risk as a real number on a scale, the
output space Yis subdivided into bins (rate-classes)
containing similar risks. The underwriting process
can be summarized as a discrete classifier that maps

an input vector X into a decison space Y,
where:|X|=n and [Y|=T.



The underwriting (UW) problem is not

straightforward due to several reasons:

1) UW is ahighly nonlinear mapping, since small
incremental changes in one input can cause
large changes in the corresponding rate-class.

2) Most inputs require interpretations. Thus the
underwriter’s subjective judgment will often
play a role in this process. Variations in
underwriter training and experience will likely
cause underwriters variability in their decisions.

3) These interpretations require an intrinsic
flexibility to ensure a balance between risk-
tolerance, necessary to maintain price
competitiveness, and risk-avoidance, necessary
to prevent overexposure to risk.

4) Legal and compliance regulations require that
the modds used to make the underwriting
decisions be transparent and interpretable.

To address these requirements we extended
traditional Al reasoning methodologies, such as
rule-based and case-based reasoning, with soft
computing techniques, such as fuzzy logic and
evolutionary agorithms.  With these hybrids
systems, we provide flexibility and consistency,
while maintaining interpretability and accuracy.

3. The Production Classifier

For this underwriting application we used a Fuzzy
Logic Engine (FLE) based on rule-encoded
underwriting standards. Each rule set is an
intersection of fuzzy constraints defining the
boundaries between rate classes. Firdt, these
congtraints were determined from underwriting
guidelines. Then, they were refined using
knowledge engineering sessions with expert
underwriters to identify factors such as blood
pressure levels and cholesterol levels, which were
critical in defining the applicant's risk and
corresponding premium. The goa of the classifier is
to assign an applicant to the most competitive rate
class, providing that the applicant’s vita data meet
al of the constraints of that particular rate classto a
minimum degree of satisfaction. The constraints for
each rate class r are represented by n fuzzy sets
A(x) i=1..,n. Each vaue A'(x) is interpreted
as the degree of preference induced by value x;, for
satisfying constraint  A". After evaluating all
constraints, we compute two measures for each rate
classr. Thefirst oneisthe degree of intersection of
all constraints and measures the weakest constraint
satisfaction:

I(r)=n", A (x)= Min",A'(x) *. The second oneis a
cumulative measure of missing points (the
complement of the average satisfaction of dl
congtraints), and measures the overall tolerance
allowed to each applicant i.e.:

MP(r) = 3" (- A (x))=nl- 13 A (x )= n(a-A")
The final classification is obtained by comparing

the two measures, I(r) and MP(r) against two lower
bounds defined by thresholds r,and7,. The

parametric definition of each fuzzy
congtraint o'(x )and the values of 7, and 7, are design

parameters that were initialized with knowledge
engineering sessions.  Figure 1 illustrates an
example of three congraints (trapezoidal
membership functions) associated with rate class Z,
the input data corresponding to an application, and
the evaluation of the first measure, indicating the
weakest degree of satisfaction of al constraints.
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Figure 1. Example of Three Fuzzy
Congtraintsfor Rate ClassZ
After a parametric optimization and a five-fold
cross-validation, described in [4,5,9] the classifier
was placed in production.

4. Lifecycle Stages after Deployment:
Monitoring and Maintenance.

A serious challenge to the successful deployment of
intelligent systems is their ability to remain valid
and accurate over time, while compensating for
drifts and accounting for contextual changes that
might otherwise render their knowledge-base stale
or obsolete. Thisissue has been an ongoing concern
in deploying Al expert systems and continues to be

! This expression implies that each criterion has equal weight. If we
want to attach aweight w; to each criterion A; we could use the weighted
minimum operator:

(1) = LW A (%)= Minl, (Max({L-w). A (x))),  where

w, 00[0,1].



a criticd issue in deploying knowledge-based
classfiers. The maintenance of a classifier is
essential to its long-term usefulness since, over
time, the configuration of a FLE may become sub-
optimal. It is necessary to modify the SRD over
time to reflect these contextual changes. We
developed specialized editors to achieve this
objective. By modifying the SRD to incorporate the
desired changes (by adtering previous standard
reference decisions), we create a new target for the
classfier. Then, we use the same evolutionary
optimization tools to find a new configuration for
the classifier to approximate the new target.

It is equally important to monitor the classifier
performance over time to identify those new, highly
reliable cases that could be used to update the SRD.
To address this objective, we have implemented an
off-line quality assurance (QA) process, based on a
fuson module, to test and monitor the production
FLE that performs on-line rate classification. At
periodic intervals, e.g., every week, the fusion
module and its components will review the
decisions made by the FLE during the previous
week. The purpose of this fusion is to assess the
quality of the FLE performance over that week. This
fusion will identify the best cases, which could be
used to tune the production engine, and
controversial or unusual cases, which could be
audited or reviewed by human underwriters.

In our approach we designed the classifiers around a
set of Standard Reference Decisions (SRD), which
embodies the results of the ideal behavior that we
want to reach during development and that we want
to track during production use. The SRD are the
training and validation set for the classifier, and in
genera are abenchmark set that must be maintained
over time. To this end we propose to use a fusion
module for updating the SRD with new cases,
without requiring expensive manual screenings[5].

5. Architecturefor the Quality Assurance

To ensure the integrity of the cases used to update
the SRD, we decided to develop a collection of
independent classifiers specialy tuned for accuracy.
These classifiers, which do not need to meet the
same interpretability requirements as the FLE, are
part of the fusion process described in Figure 2.

This process is decomposed into four steps, which

will be discussed in Section 7:

1. Input tagging, output generation, discounting and
post-processing of classifiers' outputs.

2. Determination of a combined decision via the
associative fusion of the classifiers' outputs.

3. Determination of confidence measure.

4. |dentification of candidate cases for auditing and
SRD updating.
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Figure 2: Top-level Fusion Architecture

6. ClassifiersUsed in the Fusion M odule

6.1 Fuzzy Case-Based Engine

Rule-based engines are generative approaches to
deveop knowledge-based solutions, while Case-
based (CB) engines are analogical approaches to
solve the same problems. Knowledge engineering is
used to determine the most efficient indices for
representing cases, to define the fuzzy similarity
metric that induces the best ranking upon the
retrieved cases, and to adapt the solution of the
closest cases to the application on hand. The
parameters used by case-based systems to search for
similar cases and to rank them are design choices
that need to be determined and maintained over time
for optimal performance.

The CB engine executes four basic steps[1,3]:

1. It compares a probe against the CB of past cases
and retrieves cases that are similar to the praobe.

2. It caculates a distance between each retrieved
case and the probe to quantify the similarity
between the two cases. In our case we used the
Generalized Bell Functions to measure similarity.

3. It generates aweighted histogram of the rate-class
distribution for the retrieved neighboring cases.

4. It determines a solution for the probe case using
the median (or a similar aggregation operator) of
the resulting histogram.

6.2 Feed-forward Neural Network Classifier

A neural network with multiple output nodes is a
typical design for multiple-class classifiers where
each of the NN output nodes corresponds to each
rate class. However, neura networks with multiple
output nodes have large number of weights and
biases, and require large training sets and long
training time for properly training the network.



Since in the UW praoblem the size of the training set
is relatively small (in comparison with the number
of features and classes) we have used multiple
binary neura networks to perform the multi-class
classification. This approach not only reduces the
complexity of the network and its training time, but
also improves the classification performance. The
architecture of the neural network classifier for
Non-nicotine usersis shown in Figure 3.
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Figure 3: NN Architecture

Each binary network hasthe structure of 12-5-1, i.e,,
12 input nodes, 5 hidden neurons, and 1 output
node. Activation functions for both hidden and
output neurons are logistic sigmoidal functions. The
range of target values is scaled to [0.1 0.9] to
prevent saturation during training process. The
Levenberg-Marquardt  numerica  optimization
technique is used as the back-propagation learning
algorithm to achieve second-order training speed.
Each binary network represents an individud rate
class and is trained with the targets of one-vs-other.
During classification for an unknown case, each
network generates a partial membership value of the
unknown case to the class represented by the
network. The finad rate-class assignment of the
unknown case is determined by the MAX decision
rule.

6.3 MARS-Based Classifier

MARS (multivariate regression splines) [8] is an
adaptive nonparametric regression technique, ableto
capture main and interaction effectsin a hierarchical
manner. Being a piecewise-linear adaptive
regression procedure, MARS can approximates very
well any non-linear structure, if present. However,
global models cannot easily incorporate jumps in
decision boundaries of a large number of variables
in an extremely small bounded range. We addressed
this problem in two ways. First, we used a Tag
encoding, described in section 7.1, which leverages
domain knowledge to help the MARS search
algorithm in initiaizing the “knots’ in the right
place. Then we developed a Parallel Network
arrangement of models. We created a collection of
MARS models, each of which solves a two-class
problem, and we collated their outputs in a manner
similar to the one used for the NN classifiers.

6.4 Dominance-Based Classifier

All input variables in a vector X describing an
application can be constructed such as smaller
values represent more desirable values. We use the
partial order induced by the “<” operator over the
input vectors to indicate this preference.  When
vector X, dominates X,, then we know that its

associated rate-class cannot be worse than the one
associated with X,. Using this dominance concept,

we generated two subsets for each rate-class. the
Pareto-best subset and the Pareto-worst subset,
representing the least risky and the most risky
candidates within the same rate-class. These subsets
are samples from the two hypothetical risk surfaces
in the feature space that bound the rate-class from
above and below, respectively. The classifier will
assign arate-class to anew candidate by verifying if
it lies within these two bounding risk surfaces.
When this occurs, the decision is aways correct.
However, this situation is not very frequent (~20%
of coverage in the UW problem). Thus this classifier
produces very low coverage at maximum accuracy.

7. Fuson module

7.1 Input Tagging, Output Generation,
Discounting, and Outputs Post-processing
Tagging. Typicaly, datadriven agorithms can
improve their performance if we can augment them
with domain-knowledge. In our case, we wanted to
leverage  existing knowledge about  risk
classification to initialize or influence the various
classifiers. Using datamining experiments, we
identified four input variables, among the ones
defined by actuarial studies, which had the highest
impact on the rate-class decision. Since the same
studies indicate the critical thresholds that govern
such risk, there was no reason to re-learn those
thresholds and guidelines. We defined a set of
inequality constraints on these four variables and
represented them as as crisp rules. With these rules,
we created a tag, which was an ordinal categorical
variable developed from a collection of indicators
for the various decision boundaries, as defined by
human experts. This utilization of this available
doman knowledge boosted the classifiers
performance, leading to an accuracy improvement
of about 1-2% on average.

Output Generation. The output of each classifier isa
distribution representing the degree to which a rate
classis selected. The set of al possible rate classes
represents the universe of al answers that can be
considered by the classifiers. An assignment to the
universe represents the classifier's ignorance.



Specifically, each module generates an output
vector | =[I1(1), 1(2), ... I(N+1)] where I(i))Z]0,M]
where M isalargerea value and N is the number of
rate-classes. We consider each entry I(i), for i=1, ...,
N, as the un-normalized degree to which the case
could be classified in rate classi. The last element,
I(N+1) indicates the degree to which the case cannot
be decided and the entire universe of rate classes is
selected.

Discounting. The reliability of each classifier can be
represented by a static or dynamic discounting
factor, which reflects the expected accuracy of the
classfier. In a manner similar to Shafer's belief
theory [11], a static discounting factor represents a
prior expectation about the classifier's reliability,
e.g., the average past accuracy of the classifier.

Post-processing. A dynamic discounting represents
a conditional assessment of the classfier's
reliability, e.g., if a classifier is basing its output on
an insufficient number of points, then its decision is
no longer reliable. We leverage this conditiona
knowledge in a post-processing stage that is applied
to the output of each model. The post-process
computes a set of features. cardinaity, entropy, the
difference between the distribution’s mode and the
second highest value. These features are compared
with some experimentally determined thresholds to
determine the validity of the modd’s output. If the
output does not meet these quality constraints, the
model’s decision is replaced by a non-commitment
assignment (i.e. full ignorance).

7.2 Generating a Combined Decision via an
Associative Fusion of the Modules' Outputs

The different semantics of the classifiers described
in section 6 pose a challenge to the fusion operation.
While the outputs of some classifiers could be
interpreted as probability densities (e.g., the rate-
class frequencies displayed by the histograms of
cases retrieved by the CB engine), other models,
such as the NN or MARS, generate possibilistic
distributions or scores. We can only interpret these
distributions as membership functions with a
normalized cardinality, without necessarily
assigning any probabilistic semantics to them.
Furthermore, dl classfiers share a common
preprocessing annotation (Tagging) that could
potentidly introduce a common bias. To combine
the outputs of the classifiers we propose an
aggregation method that does not require
orthogonality among the classifiers. The proposed
method is a so associative.

Let us consider m classifiers, S, ..., Sy, such that
the output of classifier S is vector |! containing the

normalized weight assignment made to the N rate-
classes. Let's recal the last (N+1)" element
represents the classifier's lack of commitment, i.e.,
I=[ 1), '), ..., '(N+1)], where:
N+1
11(1) O[0,1] subject to the constraint: > 17(i) =1
i=1
We define the un-normalized fusion of the outputs
of two classifiers S, and S, as:

F(1%,1%) =Outerproduct(1*,12,T) = A
where the outer-product tekes as arguments the two
N-dimensional vectors I'and 1 and generates as
output the NxN dimensional array A, in which each
element A(i,j) isthe result of applying the operator T
to the corresponding vector elements, namely 1*(i)
and 1%(j),i.e. . ,

AQij) = TG 170)1
The operator T(x,y) isa Triangular Norm [10]. The
selection of the best T-norm to be used as
intersection operation in the fusion of the classifiers
depends on the potentia correlation among the
classifiers to be fused [2]. Because the T-norms are
associative, then so will be the fusion operator, i.e.,

FA(LFUA 1) =F(F(,12),1%)

Each element A(i,j) represents the fused assignment
of the two classifiers to the intersection of rate
classes r; and r;. Figure 4 illustrates our assumption,
i.e, the fact that each rate-class is digoint and that
U isthe universe of al rate-classes.

U
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Figure4: N digoint (rate) classes defined in U
Given our premise that the rate-classes are digoint,
we will have four possible situations

(8 Wheni=j & i< (N+L thenrinrj=rnr=r,
(b) Wheni=j & i= (N+1)thenri nr;=U
() WheniA & i< (N+1)andj < (N+1)
thenr; n rj= @(the empty set)
(d) Wheni4 & either i= (N+1) thenUn ri=r;
orj= (N+1) thenr; n U=r;
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______
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Figure5: Intersection of digoint rate-classes and U

Figure 5 illustrates the result of intersecting the rate
classes and the universe U. The decisions for each



rate-class can be gathered by adding up all the
weights assigned to them. According to the four
possible situations described above, weights can be
assigned to a specific rate class only in situation a)
and d), asillustrated in Figure 5:
Weight (r;) = A(i,i)+ A@i,N+1)+ A(N+1,i)
Weight (U) = A(N+1,N+1)

The fina output is a rate-class distribution and a
measure of conflict among al the classifiers. We
normalize the fina output (showing the degree of
rate-class selection as a percentage) and identify the
strongest selection of the fusion.

7.3 Deter mination of a Confidence Measure

We propose to use a measure of the scattering of the
weights around the main diagona as a confidence
metric for the fuson. The more weights are
assigned to elements outside the main diagonal, the
larger is the amount of conflict among the
classfiers. We can represent this concept by
defining a penaty matrix P =[P(i, j)] of the form:

PG i) :{max(o,(l—W* li-j])? forl<i<Nand 1<j<N

’ 1 fori=(N+1)orj=(N+1)

This function rewards the presence of weights on
the main diagonal, indicating agreement between
the two classifiers, and penalizes the presence of
weights off the main diagonal, indicating conflict.
The conflict increases in magnitude as the distance
from the main diagonal increases. Figure 6
illustrates the penalty matrix P for W=0.2 and d=5.
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Figure6: Penalty matrix P for W=0.2 and d=5

Of course we could use other functions to penalize
elements off the main diagonal. This type of penalty
function indicates that conflict is gradual, since the
rate-classes are ordered. We want to represent the
notion that the difference between r; and r, is
smadler than then the one between r, and r; The
shape of the penalty matrix P captures this concept,
as P shows a confidence that decreases non-linearly
with the distance from the main diagona. A

measure of the normalized confidence C isthe sum
of element-wise products between A and P, e.g.:

~ A N+IN+1
C = Norm. Confidence (A,P)=Y > A(i,)* P(i.})

i=1 j=1

and A isthe normalized matrix A: A = A/|A|

7.4 |dentification of Candidate Casesfor
Auditing, and for Updating the SRD

Finaly, we use the confidence measure and the
agreement between the fusion’s and the production
engine's decision to assess the quality of the latter.
We label the cases in terms of the confidence in
their decision, e.g. low, medium, high, or unknown.
When the fusion produces a low degree of
confidence, the case is selected for auditing. When
the fusion produces a high degree of confidence and
agrees with the decision of the production engine,
the case becomes a candidate for augmenting the
SRD. When the fusion is non-committa (i.e., it does
commit to any class), the case is a candidate for a
review by senior underwriters who will generate a
standard reference decision. These cases will be
later used to retrain the offline classifiers. When the
fusion produces a medium degree of confidence, we
will not use the case, but we will monitor the
frequency of its occurrence.

8. Experimental Results

8.1 Selecting the L owest Quality Casesfor QA.

The fusion module was tested with several data sets.
In an analysis based on 1,875 applications of non-
nicotine users, we found that, for a given confidence
threshold (T1=0.2), we had an agreement between
the fused decision and the engine in 92.75% of the
cases, while in 2.35% the fusion did not make any
decision. In 4.9% of the cases, the fusion disagreed
with the production engine, identifying possible
candidates for an audit. Table 1 shows the effect of
changing the confidence threshold T1. Each column
shows the number of cases whose confidence

measure Cis grester or equa to T1. As this
threshold increases, so does the number of No Fused
Decision.

Table 1: Output of Fusion for Low Confidence

Threshold T1 (for non- nicotine users)
Confidence Threshold T1

T=Product,
(W=0.2, d=7 1 09 08 07 06 05 04 03 02 0.1 0
No Fused Decisions 1875 381 270 193 127 78 61 52 44 40 39
Complete asagreement 0 1462 1558 1625 1666 1686 1688 1688 1690 1692 1692
False Positive 0 14 17 18 29 41 50 54 59 59 59
False Negatives 0 13 19 24 28 43 46 48 49 49 49

0

0

4 10 14 22 24 27 28 28 28 28
1 1 1 3 3 3 5 5 7 8|

Corrections
Complete diasagreemer]

Total |1875 1875 1875 1875 1875 1875 1875 1875 1875 1875 1875

Table 2 shows the results of our experiments on the
set of 1,875 applications of non-nicotine users. Note
that in a production environment we only have FLE
and Fusion available. The use of the SRD is only
possible during the training phase of the models and
the fusion module. For a given confidence threshold
of 0.20, we eiminated 44 cases for which the result
of the fusion was deemed too weak to be used. Of



the remaining 1,831 cases in which the fusion
module delivered a decision, it disagreed with the
FLE production engine in (28+59+5=92) cases.
These are the least reliable cases that we would like
to select for manua auditing. This subset represents
a4.9% of the entire case population. In 28 of the 92
cases, the FLE decison was incorrect (i.e it
disagreed with the SRD).

Table 2: Summary of Fusion of Non-nicotine users
(for threshold T1 =0.2)

SRD

59 FLE
==

28 1690 49
5

FUSION]|
s

Non-Nicotine Users (Threshold = 0.2)

No Fused Decisions 44|
Agreements 1690
False Positive 59
False Negatives 49
Corrections 28
Complete diasagreement 5
Total 1875

An auditing based on this information would have
been very productive, finding ~30% of the sample
to be incorrect decisions. Of course, there are till
49 cases of fase negatives, in which the fusion
agrees with the FLE and yet they are both wrong.
8.2 Selecting the Best Casesto Augment the SRD.
By pushing the threshold T1 to the other extreme,
we can select cases with the least amount of conflict
among the classifiers. These cases are the best
candidates to augment and update the SRD. Their
final selection would be based on a rate-class
stratification, to insure a balanced updating.

Table 3: Output of Fusion for High Confidence

analogous to that of Dempster-Shafer's rule of
combination. This aggregation relies on the sources
being evidentially uncorrelated. However, in reality
thisis not an easy constraint to satisfy. In our case,
we have used a pre-processing stage (Tagging) to
annotate the input data with domain knowledge.
Since this pre-processing stage is applied to a
common set of inputsfor all models, it is possibleto
inject a common bias, hence the models could
exhibit partial positive correlation.

To account for this positive correlation we decided
to use a t-norm operator different from the scaar
product to generate the outer product. We used
Schweizer and Sklar's parameterized family of T-
norms [10], which has been studied by many
researchers [2,7], and performed some experiments
for positive values of parameter p. For the reader’s
convenience, we recal Schweizer and Sklar's
parameterized family of T-norms:

T(ab),=(@"+b?-1)"? whenp>0
T(a,b),=(a*b) whenp - 0
when p<0
and(@®+b™®)=1
when p<0
{and (@”+b")<1

T(ab),=(aP+bP -1 {

T(ab), =0

Table 4 was constructed using the same penaty
matrix derived from W=0.2 and d=7 and using the
same threshold confidence T1=0.2.

Table 4: Fusion as afunction of T-norms
(for non- nicotine users)

Threshold T1 (for non- nicotine users)

Confidence Threshold T1

T=Product, W=0.2, d=7|

No Fused Decisions
Agreements

False Positive

False Negatives
Corrections

Complete diasagreemen

0.987 0.985 0.980 0.975 0.970
1706 1678 1583 1567 1540
168 195 286 302 329

o O+ O
o O N O
o o U
o O U
o O Ul

T-Norm [p] |
W=0.2, d=7. T1=0.2 T[p->0] T[p=0.5] Tlp=1 T [p-%
No Fused Decisions 44 39 42 42
Agreements 1690 1702 1690 1690
False Positive 59 50 60 60
False Negatives 49 43 48 48
Corrections 28 36 28 29
Complete diasagreemer] 5 5 7 6

Total

1875

1875

1875

1875

Table 3 shows that 169 cases had a confidence

measure C greater or equal to 0.987. Except for one
case, the remaining 168 cases are correct decisons.
This set represents the most reliable 9% of al cases.

8.3 Experiments Resultsusing different T-Norms

Theresultsin Tables 2 and 3 are computed using the
scalar product as the outer-product operator. When
this choice is combined with a strict determination
of the conflict (e.g. for d=infinite in the computation
of penalty matrix P), we have an aggregation

From this table we observe that a minor adjustment
for podtive correation (p=0.5) produces the
Pareto-best results for the fusion operator. The 39
cases for which the fuson module makes no
decisions provide relevant information. In 35 cases,
the FLE also avoids making any decision by sending
the application to a human underwriter, while the
SRD assigns it to the least-desirable rate class. In
the remaining 4 cases, the FLE fully disagrees with
the SRD, by selecting different classes. Hence these
four cases can be easily identified for auditing.



8.4 Experimentswith static discounting

We repeated the same experiments and discounted
each classifier by its degree of accuracy exhibited
during the training stage. However, al classifiers
had similar accuracy (~90-94%) and discounting did
not create any notably different result.

9. Conclusions and Future Work

We have focused our efforts on two problems:
monitoring the quality of a knowledge-based
classifier used in daily production, and supporting
the classifier's lifecycle, by updating its Standard
Reference Decisions. To address these problems, we
have developed four off-line classfiers built on
different technologies. case-based, neural networks,
multiple adaptive splines, and Pareto dominance.
We needed to fuse the classifiers outputs and
compare them with that of the production classifier.
Given the heterogeneous semantics of the off-line
classifiers, we could not use traditional probabilistic
approaches to fusion, such as Dempster-Shafer [11].

We considered the output of each classifier as a
weight  assignment, representing the (un-
normalized) degree to which a given rate-class was
selected by the classifier. As in DS theory, the
assignment of weights to the universe al rate-
classes represented the lack of commitment to a
specific decision. After a post-processing stage, in
which weak outputs (exhibiting low cardinality or
high entropy) were removed and replaced with non-
committing statements, the weight distributions
were normalized to have unit-valued cardinality. We
combined the normalized outputs by using an
associative fusion operator. The fusion mechanism
was based on an outer-product of the outputs, using
a Triangular norm as the operator. The output of the
fusion was a rate-class distribution and a measure of
conflict among dl the classifiers. We normalized the
fina output, identified the strongest selection of the
fusion, and qualified the decision with an associated
confidence measure. Finally, we used the
confidence measure to assess the quality of the
production engine. When the degree of confidence
of a fused decision was below a lower confidence
bound, that case became a candidate for auditing.
When the degree of confidence of a fused decision
was above an upper confidence bound, that case
became a candidate for augmenting the SRD. We
tested the fusion module with data sets for nicotine
and non-nicotine users. In an analysis of 1,875 non-
nicotine applications, we generated a distribution of
the quality of the production engine. By focusing
on the two tails of such distribution, we identified

~9% of the most reliable decisions and 4.9% of the
least reliable ones.

The proposed fusion module plays a key role in
supporting the quaity assurance of the knowledge-
based classifier, by selecting the most questionable
cases for auditing. At the same time, the fusion
module supports the SRD lifecycle by identifying
the most reliable cases used for updating it.

As part of our future work we plan to add a fifth
classifier, based on Support Vector Machine
technology [6]. A prototype of this classifier, tested
on the same data set, has shown accuracy and
coverage comparable to those of the MARS- and
NN-based classifiers.
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