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Abstract. After deploying a classifier in production it is essential to support its
lifecycle. This paper describes the application of an ensemble of classifiers to
support two stages of the lifecycle of an on-line classifier used to underwrite life
insurance applications: the monitoring of its decisions quality and the updating
of the production classifier over time. All combinations of five classification
methods and seven fusion methods were assessed from the perspective of accu-
racy and pairwise diversity of the classifiers, and accuracy, precision, and cov-
erage of the fused classifiers. The proposed architecture consists of three off-
line classifiers and a fusion module.

1 Introduction

The automation of a decision-making processes requires addressing each step in the
lifecycle of the underlying decision 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 constraints and fuzzy case-based reasoning [1,4], used an evolutionary algo-
rithm to optimize their underlying parameters and minimize the cost of misclassifica-
tion [6]. The core of this optimization was the generation of a set of Standard Refer-
ence Decisions (SRD). This set represents the ground truth against which every classi-
fier is evaluated. In [4,18] we discussed the lifecycle of a classifier with an emphasis
on its validation, verification, and knowledge-base maintenance. In this paper we
focus on the final design and its validation with production data.

As discussed in [5], the design of a successful classifier fusion system consists of
two important parts: design of the individual classifiers, selection of a set of classifiers
[13, 21], and design of the classifier fusion mechanism [20]. Key to effective classifier
fusion is the diversity of the individual classifiers. Strategies for boosting diversity
include: 1) using different types of classifiers; 2) training individual classifiers with
different data set (bagging and boosting); and 3) using different subsets of features. In
our approach we follow the first and third strategies directly, and capitalize indirectly
on the second strategy by employing the random forest classification method.



2 The Underwriting Problem and the Production Classifier

Insurance underwriting (UW) is a complex decision making task traditionally per-
formed by individuals. UW can be formulated as a classical classification problem,
consisting in assigning a given insurance application, described by its medical and
demographic records, to one of a small set of rate classes. We define an insurance
application as an input vector X containing discrete, continuous, and nominal (attrib-
ute) variables. These variables represent the applicant’s medical and demographic
information that has been identified by actuarial studies to be pertinent to the estima-
tion of the applicant’s claim risk. Similarly, we define the output space Y, e.g. 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 Y is subdi-
vided into rate classes containing similar risks. The underwriting process can be sum-

marized as a discrete classifier that maps an input vector X into a decision space Y,
where:‘)?‘ =n and ‘Y‘:T.

The automation of this decision making process has strong accuracy, coverage and
transparency requirements. The production classifier must satisfy several constraints:
a) high classification accuracy in spite of highly non-linear boundaries of the rate
classes; b) consistency in interpretation of actuarial guidelines; c) intrinsic flexibility
to ensure a balance between risk-tfolerance, necessary to maintain price competitive-
ness, and risk-avoidance, necessary to prevent overexposure to risk; d) transparent
and interpretable decisions, to satisfy legal and compliance regulations.

Consequently, we face two main design tradeoffs: 1) Accuracy versus coverage -
requiring low misclassification rates for high volume of applications; 2) Accuracy
versus interpretability - requiring a transparent, traceable decision-making process. A
fuzzy logic engine (FLE) was deployed for production. This classifier uses fuzzy rule
sets to encode best underwriting standards. Each rule set represents a set of fuzzy
constraints defining the boundaries between rate classes. These constraints were ini-
tialized from underwriting guidelines, refined through interviews with expert under-
writers, and tuned by evolutionary algorithms. The goal of the FLE is to assign an
applicant to the most competitive rate class, providing that the applicant’s vital data
meet all the constraints of that particular rate class to at least a minimum degree of
satisfaction. The minimum degree of satisfaction of all relevant constraints determines
the confidence measure in the decision. The FLE is described in [3] and [5].

3 Classification Ensembles and Fusion Approach Selection

The ensemble classification system was developed in three stages. First, five candidate
classification methods were trained. Second, the diversity of the classifiers was as-
sessed. Finally, the decision accuracy of all combinations of candidate classification
methods under seven fusion methods plus single classifiers were evaluated using a
leave-one-out approach. Although systems were developed for both smokers and non-
smokers, only the results for non-smokers (for which there are both more cases and
more rate classes) are presented here.



As discussed in [3], we created an indicator to encode the result of applying under-
writers” domain knowledge. This indicator, referred to as TAG, defines the best avail-
able rate class for each applicant based on a set of hard-coded rules representing in-
surance standard policies. The use of this aggregated domain knowledge boosted
most classifiers’ performance, leading to an accuracy improvement of about 1-2% on
average [3]. Moreover, it allowed us to drop nine of the 19 features, and use 10 fea-
tures plus the indicator for training (except where noted in the random forest section).

3.1 Candidate Classification Methods

Feed-forward Neural Network Classifier Ensemble. An independent 12 input
nodes, 5 hidden nodes, and 1 output node artificial neural network (NN) was trained
for each class. For each network, the data was labeled one for the corresponding class,
or zero for any of the other four classes. To classify an unknown case, each network
evaluates the case, and the case is assigned the class corresponding to the network
with the highest value of the activation function. This approach (rather than using a
single NN with five output nodes) decomposes the complexity of the classification
problem and reduces the overall training time. Activation functions for both hidden
and output neurons are logistic sigmoid functions. The range of target values was
scaled to [0.1 0.9] to prevent saturation during training process.

Multivariate Adaptive Regression Splines Classifier Ensemble. Multivariate Adap-
tive Regression Splines (MARS) [10] is an adaptive nonparametric regression tech-
nique, able to capture main and interaction effects in 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. Two approaches were used to address this problem. First, the use of
the TAG variable helps the MARS search algorithm in initializing spline knots in the
right place. Second, 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.

Support Vector Machines Ensemble. Support Vector Machines (SVM) [22] are
learning machines that non-linearly map an input feature space into a higher dimen-
sional feature space. A linear classifier is then constructed in the higher dimensional
feature space. Five SVM models (one for each class) were trained, and their outputs
were resolved in a manner similar to the one used for the NN classifiers. The shape
parameter for the radial basis function Kernel Gamma and the parameter for cost of
constrain violation C were both set to 3. The overall SVM classification was resolved
in the same as the NN classifiers.

Random Forests. Random Forests (RF) [8] is a classification method that applies
bagging [7] to a variation of classification trees [9]. A standard classification tree is
constructed by splitting the data on the best feature of all possible features at each
node. For RF, only a randomly selected subset (chosen always from the full set) of



features are eligible to split each node. Moreover, in contrast to standard classification
trees, the individual RF trees are not pruned; rather they are grown to 100% node
purity. Although typically hundreds of trees are developed, RF’s are very quick to
train (e.g., much faster than neural networks for a given data set and computer).
Within our application, the performance of RF was superior to that of the other classi-
fication algorithms, including NN and SVM. While RF’s contained 500+ trees, NN’s
and SVM’s were much smaller ensembles, containing only five binary classifiers each.

Two RF classifiers were developed. The first RF was trained on the regular set of
features (including TAG). The second (referred to as RFA) was trained on a larger set
of features, comprised of the regular set (excluding TAG) and the features used to
create the TAG variable. Although the performance of the RFA suffered slightly
(though much less than any other classification method tried on the RFA dataset), the
results were not surprisingly quite diverse from the other classifiers (see below). The
results presented here for both RF and RFA are based on 1000 trees per forest, and six
variables eligible to be split at each node.

3.3 Classification Accuracy

The single classifier classification accuracy was evaluated using five fold cross valida-
tion (using the same folds for each method). Table 1 shows the performance of the
individual classifiers and the production classifier (FLE) as expressed by the true
positive rate. While their accuracies are roughly comparables, their pairwise diversi-
ties are not, as shown in the next subsection.

Table 1. Five fold cross validation classification accuracy

Method Accuracy Method Accuracy
MARS 92.71% RF 93.30%
NN 92.87% RFA 91.26%
SVM 92.23% FLE 93.41%

3.3 Classifier Diversity

We assessed pairwise classifier diversity using four measures described in [14], Q,
rho, disagreement, and double fault. Results were comparable across all four meas-
ures. Only results for Yule’s Q are presented here because of its more transparent
interpretation.

Q ranges from —1 to 1. For statistically independent classifiers, Q is 0. Correlated
classifiers have positive values of Q, while uncorrelated classifiers (i.e., classifiers that
make mistakes on different cases) have negative values of Q. Q is only used for two
classifiers at a time (Table 2) and is calculated

_ad—bc
ad +bc
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The values of the Q statistic for all five classifiers and the production classifier
(fuzzy logic engine or FLE) are reported in Table 3, and reveal several interesting
things about the classifiers for these data. First, all classification methods that use the
TAG variable are highly correlated (i.e., they tend to misclassify the same cases). Both
MARS and SVM show a moderate degree of positive correlation with the FLE, while
the RFA is the only classifier to have a negative correlation with the FLE.

Table 2. Probabilities for two classifiers, C1 and C2. Note thata+b+c+d=1.

C1 correct | C1 wrong
C2 correct a b
C2 wrong c d

Table 3. Q statistic for all five classifiers and the PC

FLE MARS NN SVM RF RFA
FLE 1.000 0.412 0.225 0.416 0.383 -0.308
MARS| 0412 1.000 0.873 0915 0.925 0.021
NN 0.225 0.873 1.000 0.937 0.776 -0.142
SVM | 0.416 0.915 0.937 1.000 0.820 -0.059
RF 0.383 0.925 0.776 0.820 1.000 0.411
RFA | -0.308 0.021 -0.142 | -0.059 0.411 1.000

3.4 Fusion Methods

Seven fusion methods were evaluated using each of the 26 unique combinations of
two or more of the five classifiers (excluding the FLE), along with the performance of
each single classifier method. The fusion methods used are described below.

Majority Vote. Each classifier has one vote and the case is assigned the winning
class. Ties are broken randomly.

Averaging. The normalized output of each classifier is averaged for each class, and
the case is assigned the class with the highest average. Ties are broken randomly.

Borda Count. The case is assigned to the class with the maximum sum of the rank of
the negative class weights (within each classifier). Ties are broken randomly.

N of All. Under the N of All (NOA) fusion scheme, if the number of classifiers voting
for a particular class is greater than N (where N is > 1 and < the number of classifi-
ers), a case is assigned that class; otherwise, the case is assigned “no decision”.

Behavior Knowledge Space (BKS). This fusion method [12] treats every possible
combination of output from different classifiers as a cell in a lookup table (the BKS
table). During training, training samples associated with a particular call are parti-
tioned by actual class and the most representative class (the majority class) is selected



for each cell. This equates in essence to setting up the classifier output probability
distribution. For test patterns, the classification is accomplished using the class label
of the BKS cell indexed by the classifiers output. In our implementation, the BKS
assigns “no decision” to novel patterns.

Naive Bayes. The naive Bayes (NB) fusion approach makes the assumption that the
decisions of the individual classifiers are independent. While this assumption is almost
certainly invalid, this approach works quite well in practice [15]. Using n features f'
(individual classifier decisions) that pick a particular class ¢ of a set of classes C, the
NB decision rule is

classify(f;..... f,) = argmax, p(C = [ [ p(F, = ;| C=c) - @)
i=l

Meta-SVM. The Meta-SVM (MSVM) uses the normalized output of each classifier
as a feature space to train a new SVM classifier. The output of the MSVM classifier
assigns the five classes to some region of one dimension; thus, there is a further prob-
lem of dividing that dimension into five separate regions. To automate this process, a
classification tree [9] was trained on the MSVM output, and the smallest tree with
exactly five leaf classes was used to determine the class boundaries. The use of a clas-
sification tree to automate determining class boundaries is both faster and more accu-
rate than hand tuning.

3.5 Fusion Accuracy

Of the 1866 cases, there were 188 where the result of at least one combination of
fusion method and classifier method (FMCM) differed from the ground truth, i.e., the
standard reference decision (SRD) set. The leave-one-out accuracy (LA) for each
FMCM is plotted in the lower set of axes in Figure 1 (for the 188 cases). The upper
set of axes is on a different scale, showing only the best performing combinations, and
revealing there are three FMCMs that have the same maximum accuracy. FMCM
details, Precision [TP/(TP+FP)] and Recall [(TP/(TP+FN)] scores (with respect to the
FLE) of the three most accurate FMCMs are listed in Table 4.

Table 4. Classification method, fusion method, precision and recall scores of the three most
accurate FMCMs. One reprenents inclusion of a classification method, zero exclusion.

MARS NN RFA RF SVM Method Precision Recall

0 1 1 1 0 Borda count 55.8% 71.7%
0 1 1 1 0 Majority vote 55.6% 75.0%
1 1 1 1 0 Naive Bayes 55.6% 75.0%

Across all combinations of classification method, majority vote, averaging, Borda
count, and NB do better than individual classifiers. However, NOA, BKS and MSVM
do on average worse than a single classifier. The shortcomings of NOA and BKS arise
from a common explanation: both methods allow “no decision”. While this option
may be a desirable behavior in many circumstances, nonetheless it does not count



toward total correct decisions. The failure of MSVM is probably related to the size of
the feature space: MSVM is the only classifier trained on the raw output of the other
classifiers. This suggests that some intelligent preprocessing of the data beforehand
might have improved performance.
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Figure 1. Fraction of correct calls for each FMCM. Note the upper set of axes is on a different
scale to highlight detail. Each point represents a unique combination of classification methods.
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Figure 2. The likelihood that a classifier is employed in a fusion method and classification
method combination of a given or greater accuracy.

The likelihood that a classifier of a given or greater accuracy is included in a
FMCM (e.g., out of all of the fusion method and classification method combinations
with an accuracy > 0.68, about 41% used MARS, 65% used NN, etc.) is plotted in
Figure 2. SVM is particularly unlikely to appear in highly accurate classifiers, while
RF is particularly likely (occurring in all of the 28 most accurate FMCMs).



We speculate the RF is included in the most accurate FMCMs because it is the sin-
gle most accurate individual classifier. The RFA has the worst single classifier accu-
racy, but it is the least correlated with other classification methods (Table 3) and
somewhat uncorrelated with the FCM (which is important in catching errors in the
FCM), so its diversity outweighs its poor performance. Of the remaining three classi-
fiers, SVM and MARS are highly correlated with RF (Table 3); NN is both the least
correlated and most accurate of the three, so is employed at high accuracy.

4 Quality Assurance Architecture

Based on the results above, the NN, RFA, RF ensemble using the majority vote fusion
scheme was adopted to monitor the performance of the FLE and assure the quality of
the production engine decisions. In addition, this fusion will identify the best cases
that could be used to tune the production engine in future releases, as well as contro-
versial or unusual cases that should be highlighted for manual audit by senior under-
writers, as part of the Quality Assurance system. Figure 3 is a diagram of the system.
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Figure 3. The Production classifier and QA system.

Initially, each classifier in the system was forced to commit to a particular rate class.
The results reported in this paper reflect this constraint. If preferred, we can modify
this specific tradeoff of coverage versus accuracy by implementing post-processing
filters prior to the fusion process. We can treat each classifier’s output as a discrete
membership distribution over the rate classes considered, and compute four features to
summarize such memberships: cardinality, entropy, difference and rank order separa-
tion between the highest and the second highest values of the outputs. Then we can
impose a set of thresholds (lower or upper bounds) on these features to identify the
cases with weak decisions. For such cases, we change their final conclusions to “un-



known”. In our experiments, the values of the threshold were obtained using local
search, looking for different tradeoffs with better accuracy at the expense of coverage.

4.1 Validation Results using Production Data

The QA system was validated using 3292 cases, of which 393 showed disagreement
between the FLE and the classifier fusion. Of those cases, 131 were randomly selected
for evaluation by a human underwriter. Of the 131 cases, the FLE was correct in 77 of
them, i.e., false positives (in the sense that the QA classifier incorrectly identified
them as being incorrectly classified by the FLE). The fusion was right in 43 cases,
implying a correction to the automated FLE. Neither was correct in 11 cases, which is
still a good call by the QA system insofar as it will entail a correction of the FLE deci-
sion by a human underwriter. Note that this analysis gives no insight into false nega-
tives (false negatives is defined here as both the fusion and the FLE are wrong).

The precision of the QA system was 44.2%, down over 11 percentage points from
the training data. However, the distribution of the validation data was substantially
different from the training data (Figure 4). In light of the dramatic distribution changes
from training to production, the QA architecture seems quite robust, and provides
excellent guidance for the auditor (by flagging disagreement with the FLE).
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Figure 4. Class distribution of training and validation data.

5 Conclusions

We applied the fusion to the quality assurance (QA) problem for automated underwrit-
ing. All combinations of five classification methods and seven fusion methods (plus
single classifier) were assessed from the perspective of accuracy and pairwise diver-
sity of the classifiers, and accuracy, precision, and coverage of the fused classifiers.
The final classifier ensemble and fusion method performed well, despite considerable
differences in the distribution of the training and validation data. This QA system can
be used to monitor the performance of the automated decision making system, identi-
fying cases that might be suspect, and should be examined by a human. Moreover,
these cases can be incorporated into the standard reference decision set, to further tune
the performance of both the automated decision maker (the FLE) and the QA system.

One of the most interesting results is the insight into the tradeoff between accuracy
and diversity (Figure 2). We intend to exploit this behavior and plan some future ex-
periments to further explore this tradeoff.
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