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Abstract. Machine Learning (ML) models are inherently approximate; as a
result, the predictions of an ML model can be wrong. In applications where errors
can jeopardize a company’s reputation, human experts often have to manually
check the alarms raised by the ML models by hand, as wrong or delayed deci-
sions can have a significant business impact. These experts often use interpretable
ML tools for the verification of predictions. However, post-prediction verifica-
tion is also costly. In this paper, we hypothesize that the outputs of interpretable
ML tools, such as SHAP explanations, can be exploited by machine learning
techniques to improve classifier performance. By doing so, the cost of the post-
prediction analysis can be reduced. To confirm our intuition, we conduct several
experiments where we use SHAP explanations directly as new features. In par-
ticular, by considering nine datasets, we first compare the performance of these
“SHAP features” against traditional “base features” on binary classification tasks.
Then, we add a second-step classifier relying on SHAP features, with the goal of
reducing false-positive and false-negative results of typical classifiers. We show
that SHAP explanations used as SHAP features can help to improve classification
performance, especially for false-negative reduction.

Keywords: Interpretable machine learning - SHAP Explanations - Second-step
classification

1 Introduction

Machine Learning (ML) is being massively explored to automate a variety of prediction
and decision-making processes in various domains. However, the predictions of an ML
model can be wrong since ML models are inherently approximate [28]. In the finance
sector, for example, when an ML model predicts a transaction is suspicious, it raises an
alarm, which can be a true-positive or a false-positive. Such predictions are automat-
ically queued for further manual inspection by financial experts [9]. The existence of
these false alarms increases the cost of post-prediction analysis, and wrong or delayed

decisions can have a significant business impact [23].
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Figure 1 summarizes the key steps of an ML pipeline where a domain expert must
intervene to triage ML predictions. In such a setting, reducing the number of false-
positive (or false-negative) predictions upstream is paramount in order to reduce the
workload of financial experts and increase the customers’ trust in companies. To do
so, financial companies often rely on manual interventions by domain experts. It can
decrease false-positive rates by several percentage points, but involving domain experts
is also costly [35].

Dataset ML Model Alarms @)
(Base Features) Binary Classification (TP+FP) [

Domain Approved
¢ Expert
Approved
(TN+FN)

Fig. 1. Financial ML framework with human intervention (TP: true-positive, FP: false-positive,
TN: true negative and FN: false negative)

Towards ensuring that domain experts are provided with relevant information for
assessing model results, interpretable ML techniques and tools are increasingly lever-
aged. Among the state-of-the-art interpretable ML approaches, SHAP [20] is a popular
technique that is widely used in the literature and by practitioners: its SHAP values,
which are derived from SHAP explanations, are computed to evaluate the importance
of the contributions of different features on the predictions, potentially enabling the
identification of prediction errors as well as providing investigation directions.

Our hypothesis is that if SHAP can help humans to better understand a model, it
could also help algorithms. Indeed, if humans are able to leverage information in SHAP
explanations, such information may be automatically and systematically exploited in
an automated setting. To confirm our intuition, we inspect SHAP values on binary clas-
sification tasks. This hypothesis is actually supported by recent works. For instance,
[1,36] show the usage of SHAP explanations by domain experts for the reasoning of
case-based scenarios of frauds and anomalies.

To do the first step towards the automatization of the processing of the SHAP expla-
nations, let us see SHAP as a transformation of the learning space. If ny is the number of
features and n; is the number of samples for a given dataset, SHAP values can be seen as
the result of a (nonlinear) transformation f of the learning space: f : R"*"f — R"*"f,
Indeed, each n; sample will receive ny SHAP values. SHAP, for each sample, pro-
vides a float per feature, reflecting its contribution to the prediction of that sample. The
full set of SHAP features has the same size as the full set of base features. In the rest
of this paper, the features obtained through SHAP explanations will be referred to as
SHAP features, and the original features that were available for the classification will
be referred to as base features.

The idea is to use this transformation to, hopefully, send the data to a more sep-
arable space (It seems to be the case for SHAP in practice, as shown in [2]). This
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idea is one of the cornerstones of SVM and is widely used in many domains [4,27,31].
According to these hypotheses, SHAP values may hold information, to be exploited,
for improving the performance of ML classifiers.

This Paper. We present an empirical investigation of our hypothesis by focusing on
seven publicly available binary classification datasets and two proprietary datasets from
the financial domain. In particular, we study the added value of the information encoded
in SHAP explanations compared to the features that were available for the classification.
More precisely, we first compare the performance (in terms of accuracy) of a classifier
where SHAP explanations are used as features in comparison with a “traditional” clas-
sifier relying on base features. We then investigate the feasibility of building a pipeline
of cascaded classifiers where the second classifier leverages SHAP explanations to filter
out incorrectly classified samples after the initial classifier. In the end, we show that this
strategy indeed increases classifier performance.

2 Background and Related Work

The Cost of Being Wrong

Financial institutions are wary of the “cost of being wrong” [3]. This cost is two-fold.
First, bad decisions—made by a human being or by an automatic system—carry severe
risks of financial loss, direct or indirect. Furthermore, in a line of business where Trust is
of prime importance, any loss in reputation, through scandals or mere negative hearsay,
can quickly lead to substantial financial consequences. Second, trying to prevent auto-
matic systems from making wrong decisions itself incurs significant costs in the form
of increased workload for expensive experts, lack of flexibility arising from the delays
needed to have automated decisions vetted by experts, and the massive extra cost of
designing systems and processes that provably mitigate the risks of bad decisions.

Counter-intuitively, the fear of bad decisions may lead some actors to forgo
approaches that could be more accurate but do not help analysts vet the decisions.
In particular, Deep-Learning—despite its documented prowess—is sometimes deemed
inappropriate [34] because it brings nothing to help justify the decisions and no expla-
nations to archive for auditing purposes.

Overall, these costs and risks call for more precise techniques that enable and ease
manual inspection and leave exploitable audit trails. Interpretable ML techniques can
decrease these costs and risks. [37] uses SHAP explanations for case-based reasoning
tasks and reports that the similarity of SHAP explanations is more helpful than the
similarity of feature values for domain experts, though finding the most appropriate
distance function that shows similarity for a specific dataset is not a fully resolved
question. [18] evaluates SHAP and Local Interpretable Model-agnostic Explanations
(LIME)! [25] to obtain useful information for domain experts and facilitate the FP
reduction task. [18] suggests eliminating FPs by employing an ML filter that uses SHAP
features instead of base features. According to their findings, the performance of the ML
filter using SHAP features is better than the ML model using base features and thus can
be leveraged [18].

! https://github.com/marcoter/lime.
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In the interpretable ML domain, little research has been conducted about the use of
explanations to enhance model performance [13]. In the context of this study, we aim
at inspecting the effect of SHAP values in a two-step classification pipeline. Two-step
cascaded classification has been used for financial applications, as reported by various
studies [5,7,14,33]. The idea behind two-step classification is to obtain SHAP features
as SHAP values by using a first step classifier and then use a second step classifier with
SHAP features to improve classification performance.

We inspect SHAP explanations, which are already investigated for various tasks,
including but not limited to clustering [2], rule mining [18], case-based reasoning [37],
and feature selection [15], from the classification point of view.

Shapley Values
Shapley Values [29], which guarantee a fair distribution of payout among players, derive
from the cooperative game theory domain and have been quite influential in various
domains for a long time [24,30]. Among attribution methods that aim at distributing the
prediction scores of a model for the specific input to its base features, the Shapley values
method is the one that satisfies the properties of symmetry, dummy, and additivity [21].
These three properties, namely, symmetry (interchangeable players should receive same
the pay-offs), dummy (dummy players should receive nothing), and additivity (if the
game is separated, so do the pay-offs), can be considered a definition of a fair payout.
Recently, Shapley values have been investigated on the interpretable ML domain to
solve the fairness issue of feature contribution values [20]. In this study, features are
considered as players, and predictions are regarded as pay-offs. This implementation,
which is SHAP? [20], shows how to distribute the payout fairly among the features.
Besides, SHAP explanations are suitable for the needs of finance actors [10].

Overall, Shapley values can be seen as providing another representation of the orig-
inal data [17] and hence might help an ML algorithm to learn patterns it would not have
been able to infer from the raw base features of the datasets.

3 Empirical Datasets

We perform our empirical evaluation by relying on seven publicly available binary clas-
sification datasets and two proprietary binary classification datasets from our industrial
partner, a major national bank.

The details of the datasets are as follows:

1. The Adulr dataset®, which is also known as “Census Income”, contains 32 561 sam-
ples with 12 categorical and numerical features. The prediction task of the dataset is
to find out whether a person makes more than $50K per year or not.

2. The Bank Marketing [22] dataset* contains marketing campaigns of a banking insti-
tution. It has 44 581 samples with 16 categorical and numerical features. The pre-
diction task of the dataset is to identify whether a customer will subscribe to a term
deposit or not.

2 https://github.com/slundberg/shap.
3 https://archive.ics.uci.edu/ml/datasets/adult.
4 https://archive.ics.uci.edu/ml/datasets/Bank+Marketing.
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. The Credit Card Fraud dataset® contains credit card transactions. It has 284 807

samples with 30 numerical features. The prediction task is to identify whether a
transaction is non-fraudulent or fraudulent.

The Heloc (Home equity line of credit) dataset® comes from an explainable machine
learning challenge of the FICO company’. It contains anonymized Heloc applica-
tions of real homeowners. It has 10459 samples with 23 numerical features. The
prediction task of the dataset is to classify the risk performance of an applicant as
good or bad. Good means that an applicant made payments within a three-month
period in the past two years. Bad means that an applicant did not make payments at
least one time in the past two years.

. The Lending Club dataset® contains loans made through the Lending Club platform.

It has 73 157 samples with 63 categorical and numerical features. The prediction
task of the dataset is to identify whether a customer that is requesting a loan will be
able to repay it or not.

The Paysim [19] dataset® is a financial mobile money simulator. It has 6362260
samples with 7 categorical and numerical features. The prediction task of the dataset
is to identify whether a transaction is non-fraudulent or fraudulent.

The ULB Fraud [16] dataset'” contains simulated transactions. It has 32 561 samples
with 12 categorical and numerical features. The prediction task of the dataset is to
identify fraudulent transactions.

Proprietary-1: The first proprietary dataset contains transaction records. It contains
29200 samples with 10 categorical and numerical features. With this dataset, the
goal is to classify a transaction as Type-A or Type-B (for confidentiality reasons, we
cannot detail Type-A and Type-B). We will use Proprietary-1 to name this dataset.
Proprietary-2: The second proprietary dataset contains financial requests. We will
use Proprietary-2 to name this dataset. It contains 389 451 samples with 87 categor-
ical and numerical features. The prediction task is to classify financial requests as
Type-A or Type-B (for confidentiality reasons, we cannot detail Type-A and Type-
B). We will use Proprietary-2 to name this dataset.

Experiment Setup

4.1 Research Questions

Our study takes form around the question of whether SHAP features (see Sect. 1),
derived from SHAP explanations, could be useful to improve the classification per-
formance or not. The intuition behind it is that just like SHAP can help humans, it may
be able to help algorithms. More concretely, this study assesses whether the feature
transformation induced by SHAP, i.e., the computation of the SHAP features, can be

5 https://www.kaggle.com/mlg-ulb/creditcardfraud.

6 https://aix360.readthedocs.io/en/latest/datasets.html.

7 https://community.fico.com/s/explainable-machine-learning-challenge.
8 https://www.kaggle.com/wordsforthewise/lending-club.

9 https://www.kaggle.com/ealaxi/paysim1.

10 https://github.com/Fraud- Detection- Handbook.
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exploited by machine learning techniques. To that end, we answer two research ques-
tions.

RQ1: Can SHAP features outperform base features in a traditional one-step classi-
fication approach in terms of accuracy?

RQ2: If we compare a traditional (one-step) classification approach against a two-
step classification approach where the second classifier uses either SHAP or base
features, what is the best alternative in terms of accuracy? We will divide our answer
in terms of false-positive reduction (RQ2.1) and false-negative reduction (RQ2.2).
Through RQ2, we want to assess whether SHAP features used in a two-step app-
roach could help domain experts quickly triage ML decisions, for instance, by reduc-
ing the number of false-positive decisions.

4.2 Experiment Process

Training step and Machine Learning Algorithms: The training step and the used
algorithms are represented in Fig. 2-a.

— Base Features, GBC, and MLP: On each of our nine datasets, we first train
two binary classifiers by using the base features that are proposed (cf. Sect. 3).
For one classifier, we use Gradient Boosting Classifier (GBC). For the other
one, we use Multi Layer Perceptron (MLP). There are two reasons for these
choices: (1) GBC is the current state-of-the-art approach for tabular unbalanced
classification problems, and MLP is better than tree-based approaches to capture
additive structure [11], which is the case for SHAP explanations, (2) we tested
various other classifiers (e.g., random forests (RF) and logistic regression (LR))
and GBC & MLP were the best on most of our datasets (results not reported
here).

— SHAP features: The idea is to use the SHAP explanations as features to train a
new classifier with these newly computed SHAP features. In practice, we com-
pute the SHAP features by applying the SHAP explainer on the GBC classifier.
Then, we use the obtained SHAP features as inputs of an MLP classifier. Note
that we also consider RF, MLP, RL, and GBC, but the best results (not reported
here) are achieved with MLP.

The training phase can be seen in Fig. 2-a.
Testing Steps: To answer our research questions, we implement three scenarios
depicted in Fig. 2-b, Fig. 2-c, and Fig. 2-d respectively.

— One Step Binary Classification (Fig. 2-b): To answer RQ1, we compare our three
classifiers - GBC with base features, MLP with base features, and MLP with
SHAP features - in traditional binary classification tasks on the nine datasets
and tasks described in Sect. 3. We compute the Precision-Recall curve and the
ROC curve to compare the results for all decision thresholds.

— Two-Step Classification — Positive (Fig. 2-c): To answer RQ2.1, as a first step,
we use a GBC classifier with base features. Then, as a second step, we apply two
classifiers on the positively classified samples only: one by considering the base
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Fig. 2. Experiment process (TP: true-positive, FP: false-positive, TN: true negative and FN: false
negative)

features and another one by considering the SHAP features. The number of pos-
itively classified samples depends on the decision threshold, which impacts the
classification results. A second classification threshold is also considered for the
second-step classifier. For each threshold, we test the values [0.1,0.2,0.3,...,0.9]
to identify the best results. We report the best F1 score and balanced classifica-
tion rate (BCR) for these thresholds.

— Two-Step Classification — Negative (Fig. 2-d): To answer RQ2.2, we use a simi-
lar process as the one for RQ2.1, but we focus on negatively classified samples.
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Finally, all our experiments are performed using 5-Fold cross-validation, and are
repeated 5 times. The averaged results are then reported.

4.3 Evaluation Metrics
In this paper, we are using the following metrics and tests for evaluation of the results:

Receiver operating characteristic (ROC) curve: True-positive Rate (TPR) is the
number of true-positives over the number of true-positives and false-negatives. It
shows the performance of models in the prediction of the positive class when the
actual outcome is positive. False-positive Rate (FPR) is the number of false-positives
over the number of false-positives and true-negatives. It shows the number of pos-
itive classifications while the actual outcome is negative. ROC Curve is a visual
representation of the trade-off between TPR and FPR [6].

Precision recall (PR) curve: Precision is the number of true-positives over the number
of true-positives plus the number of false-positives. Recall is the number of true-
positives over the number of true-positives plus the number of false negatives. PR
curve shows the trade-off between precision and recall for different thresholds. PR
metric evaluates output quality of a classifier. It is used especially in case of class
imbalance. High precision implies a low false-positive rate and a high recall implies
low false-negative rate. ROC curves are suitable for balanced datasets, whereas PR
curves are suitable for imbalanced datasets [26]. We choose these two metrics (ROC
and PR curve) since they show the performance of classification models for all
thresholds.

F1 score: It is the (balanced) harmonic mean of precision and recall. A high value of
F1 score means high classification performance [32].

Balanced classification rate (BCR): All classifiers aim at increasing the sensitivity
without sacrificing the specificity [32]. BCR combines sensitivity (TPR) and speci-
ficity (1-FPR).

True Positive + TrueNegative
(True Positive+False Negative) ' (TrueNegative+False Positive)

2

Balanced Classification Rate =

5 Results and Discussion

Answers of RQ1: We use ROC Curves and PR Curves to answer this research question.
The ROC Curves for each dataset can be seen in Fig. 3, and the PR Curves can be seen
in Fig. 4.

According to ROC Curves (and the Area Under Curve - AUC), SHAP features
obtain better results than base features for 6 out of 9 datasets.

Similar to ROC Curves, according to PR Curves, SHAP features obtain better results
than base features for 5 out of 9 datasets.

One of the interesting findings in our experiments is that the MLP classifier with
base features (orange line) is less successful than the MLP classifier with SHAP features
(green line). This result can be explained by the fact that SHAP features are “well-
separable” as indicated in [36]. More specifically, the data is better separated in the
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with SHAP features (5-fold cross validation + repeated 5 times) (Color figure online)
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with SHAP features (5-fold cross validation + repeated 5 times) (Color figure online)
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SHAP feature space, and an MLP classifier that uses SHAP features can work better in
this space. Another reason could be related to the fact that more patterns come to the
surface with SHAP features.

Answers of RQ2: We divided our analysis into two sub-research questions, RQ2.1 and
RQ2.2, to report our analysis of positively and negatively classified samples, respec-
tively.

RQ2.1 Answer: As described in Fig. 2-c), we compare a classical one-step GBC classi-
fier with two two-step classifiers that focus on positively classified samples only. Both
two-step classifiers rely on an MLP classifier, but one uses base features, and the other
one uses SHAP features. A comparison of F1 and BCR scores can be seen in Table 1.
The two-step (SHAP) obtains the best F1 score for 7 out of 9 datasets and the best BCR
score for 6 out of 9 datasets. The one-step classifier obtains the best F1 score for 1 out
of 9 datasets and the best BCR score for 2 out of 9 datasets. The two-step (Base) obtains
the best F1 and BCR scores for only one out of 9 datasets. According to these findings,
the two-step (SHAP) outperforms the other two classifiers on most of the datasets.

We rely on a Friedman/Nemenyi test [8] (with oo = 0.1) to confirm whether there is
a statistically significant difference between the performance scores of the three classi-
fiers. The test concludes that Two-step (SHAP) (The two-step classifier using SHAP
features) is significantly better than Two-step (base) (The two-step classifier using
base features). However, the test also concludes that there is no significant difference
between the one-step classifier and the Two-step (SHAP).

RQ?2.2 Answer: As described in Fig.2-d), we follow an experimental process that is
similar to the one used to answer RQ2.1, except that both two-step classifiers focus
on negatively classified samples. A comparison of F1 and BCR scores can be seen in
Table 2.

Two-step (SHAP) obtains the best F1 and BCR scores for 7 out of 9 datasets. The
one-step classifier obtains the best F1 score for 1 out of 9 datasets and never obtains
the best BCR score in any of the tested datasets. The two-step (Base) obtains the best
F1 score for one out of 9 datasets and the best BCR score for two out of 9 datasets.
According to these findings, the two-step (SHAP) obtains the best results overall.

We rely on a Friedman/Nemenyi test (with oo = 0.1) to confirm whether there is a
statistically significant difference among the performance scores of the three classifiers.
The test concludes that Two-step (SHAP) is superior to both Two-step (Base) and One-
step.

Our findings show that a classifier with SHAP features can be applied to negatively
or positively classified samples as a step to improve classification performance.

Comparing RQ2.1 and RQ2.2 Results: Two-step (SHAP) obtains better results on nega-
tively classified samples than on positively classified samples. In all the datasets that we
use, class distributions exhibit a slight to severe class imbalance, and positive samples
are in minority class. Therefore, there is a relatively small amount of positively classi-
fied samples for some datasets. The higher number of negative samples, which means
more data for training, can be the reason of better results.
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Table 1. Best results of F1 and BCR for different thresholds on positively classified samples
(5-fold cross validation + repeated 5 times).

F1 (positive)

Adult | Bank | Credit | Heloc | Lending | Paysim | ULB | Prop-1 | Prop-2
One-step 71.40 | 60.04 | 99.19 | 72.56 | 52.93 98.97 | 52.44 | 87.65 | 90.38
Two-step (Base) | 69.11 | 59.79 | 95.25 | 72.59 | 52.57 99.06 | 52.47 | 83.48 | 78.82
Two-step (SHAP) | 72.62 | 61.89 | 99.91 | 72.47 | 53.03 99.31 | 52.60 | 87.63 | 91.61
BCR (positive)
One-step 83.50 | 85.36 | 99.19 | 71.21 | 66.49 98.97 | 66.96 | 92.38 | 91.39
Two-step (Base) | 81.49 | 83.85 | 95.51 | 72.25 | 66.28 99.06 | 67.35|87.98 | 83.59
Two-step (SHAP) | 83.97 | 85.77 | 99.91 | 72.15 | 66.48 99.31 | 67.00 | 92.03 | 92.56

Table 2. Best results of F1 and BCR for different thresholds for negatively classified samples
(5-fold cross validation + repeated 5 times).

F1 (negative)

Adult | Bank | Credit | Heloc | Lending | Paysim | ULB | Prop-1 | Prop-2
One-step 71.40 | 60.04 | 99.19 | 72.56 | 52.93 98.97 | 51.95|87.65 |90.38
Two-step (Base) | 70.51 | 60.26 | 94.96 | 72.54 | 53.12 98.85 | 52.14 | 86.10 | 77.91
Two-step (SHAP) | 72.62 | 62.11 | 99.89 | 72.55 | 53.31 99.33 | 52.13 | 87.82 | 91.62
BCR (negative)
One-step 83.50 | 85.36 | 99.19 | 72.21 | 66.49 98.97 |66.99 | 92.38 | 91.39
Two-step(Base) 83.13 | 85.37 | 94.05 | 72.23 | 66.54 98.84 | 67.29 | 91.69 | 76.56
Two-step(SHAP) | 83.97 | 86.41 | 99.89 | 72.14 | 66.59 99.33 | 67.00 | 92.55 | 92.56

6 Conclusions

In this study, we leverage SHAP features to improve classification performance. Our
experiments are performed on seven datasets from the literature and two datasets from
our industrial partner. We start by showing that a classifier based on SHAP features can
be as efficient as a classifier based on base features. We then show that a second-step
classifier, based on the SHAP features, can easily be added to reduce both false-positives
and false-negatives.

Our findings are important for several reasons. First, we detect that a classifier based
on SHAP features is as powerful as a classifier based on base features. Second, our find-
ings show that domain experts can infer from SHAP explanations comfortably, which
is especially important when SHAP explanations offer better visualization. Third, the
results reveal that it is possible to improve classification performance by the use of
two-step classification.

As future work, we are planning to utilize SHAP explanations for detecting redun-
dant samples in resampling strategies to tackle unbalanced datasets. Besides, it can
be an interesting future work to use SHAP explanations in a positive-confidence clas-
sifier [12] in which SHAP values for each feature can be used instead of prediction
probabilities.
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