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Abstract.MachineLearning(ML)canimprovethediagnosis,treatmentdecisions,
andunderstandingofcancer.However,thelowexplainabilityofhow“blackbox”
MLmethodsproducetheiroutputhinderstheirclinicaladoption.Inthispaper,we
useddatafromtheNetherlandsCancerRegistrytogenerateaML-basedmodelto
predict10-yearoverallsurvivalofbreastcancerpatients.Then,weusedLocalInterpretableModel-AgnosticExplanations(LIME)andSHapleyAdditiveexPlanations (SHAP) to interpret the model’s predictions. We found that, overall, LIME
andSHAPtendtobeconsistentwhenexplainingthecontributionofdifferentfeatures.Nevertheless,thefeaturerangeswheretheyhaveamismatchcanalsobeof
interest,sincetheycanhelpusidentifying“turningpoints”wherefeaturesgofrom
favoring survived to favoring deceased (or vice versa). Explainability techniques
canpavethewayforbetteracceptanceofMLtechniques.However,theirevaluation
andtranslationtoreal-lifescenariosneedtoberesearchedfurther.
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1. Introduction
Although it has been shown that Machine Learning (ML) methods are able to predict
oncologicaloutcomes[1],therearestillafewfactorsthathindertheirwidespreadclinical
adoption. One of these factors is the lack of trust in the models. Often, ML tools are
consideredblackboxes.Ifdecisionsneedtobemadethatarebased(atleastpartially)on
predictionsmadebyMLalgorithms,usersneedtobeabletounderstandhowandwhy
thealgorithmhascomeupwiththatdecision[2].
Inthelastcoupleofyears,MLexplainabilityhasgainedconsiderableinterest.Recently, two techniques have been proposed and developed to make ML models more
interpretable:LocalInterpretableModel-AgnosticExplanations(LIME)[3]andSHapleyAdditiveexPlanations(SHAP)[4].However,evaluationofthesetoolsremainsrelatively unexplored. Although some studies have attempted to evaluate explanations of
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model predictions by letting users test which explanations are more understandable or
intuitive [5], more analytical, standardized evaluations are needed.
In this paper, we used data from the Netherlands Cancer Registry (NCR) to generate
a predictive model of 10-year overall survival (OS) after curative breast cancer surgery.
Then, we applied LIME and SHAP to the obtained model to explain its predictions.
Finally, we evaluated said interpretability methods by analysing their explanations and
the agreement between them, which allowed us to identify features’ turning ponts.

2. Materials & Methods
We used NCR data granted under data request K18.999. It consisted of demographic,
clinical, and pathological data of patients in the Netherlands diagnosed between 2005
and 2008 with non-metastatic breast cancer who underwent surgery. Features included
age, tumor characteristics, hormonal receptor statuses, clinical and pathological TNMstaging, and number of removed and positive lymph nodes. We imputed missing values
using Deep Learning and K-Nearest Neighbor (KNN). We deﬁned 10-year OS as the target variable for our model. The ﬁnal dataset consisted of 46,284 patients and 31 features.
We performed feature selection using a combination of 21 different ﬁlter and wrapper methods. Each of them output a ranking ordering feature predictiveness. Then, we
computed the median of these rankings and chose the six best ranked features: 1. age,
2. ratio between the number of positive and removed lymph nodes (ratly), 3. number
of removed lymph nodes (rly), 4. tumor size in millimeters (ptmm), 5. pathological
TNM stage (pts), and 6. tumor grade (grd).
We experimented with a variety of ML tools: Random Forest, Extreme Gradient
Boosting (XGB), KNN, Artiﬁcial Neural Networks, Naı̈ve Bayes, and Logistic Regression. We performed a randomized grid search to train, test, and optimize each of them.
Since our target variable had a class distribution of roughly 75% (survived) versus 25%
(deceased), we used stratiﬁed 10-fold cross-validation to optimize the models’ hyperparameters. Then, we evaluated their performance using the Area under the Curve (AUC)
as a metric, with XGB yielding the highest value (0.78). Therefore, we used XGB for the
rest of this study.
In order to better understand the model’s predictions, we used LIME and SHAP. On
the one hand, LIME approximates individual predictions of a (black box) model with
a local (interpretable) surrogate model that is as close as possible to the original one.
Explanations are produced by minimizing a loss function between the predictions of both
of them. The complexity of the surrogate model is used to explain the original model [3].
On the other hand, besides offering local interpretability, SHAP allows to explain a model
globally by expressing it as linear functions of features [4]. In other words, it explains
how much the presence of a feature contributes to the model’s overall predictions.
To assess the consistency of LIME in explaining individual predictions, we applied
it to each of the predictions of the test set (20% of the data) 100 times. We deﬁned consistency when LIME assigned values with the same sign in all cases. Then, we evaluated
global variable importance using SHAP. Finally, we tested agreement between LIME
and SHAP values by comparing their instances (i.e., local) explanations in the test set.
We deﬁned agreement when both methods assigned either a positive or a negative contribution to the same feature of the same data instance.
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3. Results
Figure 1 shows ﬁve representative data instances (i.e., patients) picked at random of the
LIME consistency test. The x-axis shows the values for a particular feature, while the yaxis denotes the feature weight assigned to that value by LIME. A positive weight means
it contributed to survived, while a negative one contributed to deceased. Across all plots,
the position of each box is the same for each patient. For instance, the ﬁrst box of each
plot corresponds to the same patient, who was 51 years old, had a ratly value of 0, a
rly value of 1, etc. LIME was consistent in >98% of the cases of age, pts, and grd.
However, for ratly, rly, and ptmm LIME was consistent in 74%, 8%, and 55% of the
cases, respectively. These cases correspond to the boxes in Figure 1 that cross 0 (dotted
line), which means that LIME yielded contradictory weights.
Figure 2 shows the SHAP values of the six features used by the global model. The
x-axis shows the SHAP values that correspond to the features shown on the y-axis. The
color scale indicates the feature values, which range from low (blue) to high (red). Similarly to LIME, a positive SHAP value contributes to survived, while a negative one contributes to deceased.

Figure 1. LIME consistency of ﬁve representative data instances (i.e., patients) picked at random. Contradictory explanations correspond to boxes that cross the dotted line at 0. Practically, age, pts, and grd had consistent
LIME values, while the opposite can be said for ratly, rly, and ptmm.

The percentage of instances where LIME and SHAP agreed on their explanations
for each feature was as follows: age, 97.5%; ratly, 95.9%; rly, 87.8%; ptmm, 91.9%;
pts, 99.6%; grd, 99.9%. Figure 3 shows the individual feature weights for age (since it
was the best-ranked feature) and for rly (since it was the feature with the largest disagreement). The x-axis denotes the feature values, while the y-axis denotes the feature
weights assigned by the interpretability methods. Circles indicate an agreement between
them, while crosses indicate the opposite.
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Figure 2. Summary plot of all SHAP values. Globally, age has the biggest impact on the model output.

Figure 3. Feature weights assigned by LIME and SHAP to all test set instances for age and rly. The shaded
area shows clear age’s clear “turning point”. SHAP markers were shifted slightly along the x-axis for clarity.

4. Discussion
Figure 1 shows that LIME tends to assign consistent values to categorical features. For
example, a pts of 1 is assigned almost identical feature weights in different patients. A
similar thing occurs for a grad of 2. However, LIME has more difﬁculties with numerical features. For instance, there is very little difference in the impact that having 1 or
16 lymph nodes removed has on the model predictions. We think this is because LIME
discretizes continuous features by binning them and treating them as categorical, losing
information. Figure 1 also shows that LIME weights can be contradictory. For example,
in the rly case, LIME values for the same patient are often inconsistent. It has been suggested that LIME’s uncertainty can be explained by randomness in the sampling procedure and the variation of interpretation quality across different data instances [6], which
is in line with the presented results.
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Figure2combinesthefeatures’effects(x-axis)withtheirimportance(y-axis).Ata
globallevel,ageisthemostimportantfeature,whilerlyistheleastimportant.Thiscould
beexplainedbyitsnon-monotonicbehaviour(i.e.,lowrlyvaluesareassignedpositive
andnegativeweights).
AlthoughLIMEandSHAPvaluesshowasimilartrendoverallforbothageandrly
(Figure3),wecanalsodistinguishspeciﬁcregionsofmismatch.Theseareofparticu-lar
interest, since they can help us identify “turning points” in the features’ values. For
example,inthecaseofage,mismatchesoccurapproximatelybetween65and68years
(shadedarea).Thiscouldexplainwherethemodelconsidersagetocontributetowards
survivedortowardsdeceased.

5. Conclusion
Inthisstudy,weusedbreastcancerdatafromtheNCRtogenerateanXGB-basedmodel
forpredicting10-yearOS.Weexplainedthemodel’spredictionsusingLIMEandSHAP
andcomparedtheirperformance.Infewcases,LIMEshowedinconsistentandcontradictory explanations of individual predictions. Furthermore, comparing LIME and SHAP
showed agreement between them in 95.4% of the instances. The regions of mismatch
allowedustoidentify“turningpoints”inthefeatures’values,whichindicatewherefeaturesgofromfavoringsurvivedtofavoringdeceased(orviceversa).
MethodslikeLIMEandSHAPareaﬁrststeptoprovideamoreinterpretablewayof
explaining complex models than what the models are capable of themselves. It is
importanttokeepinmindthatperfectexplanationsarealsoinfeasible,sincethereisno
gold standard to which the explanations can be compared. This also makes the
evaluationofthesemethodsachallenge.Thesetypeofmethodspavethewayforlarger
use and acceptance of ML techniques for digital health applications. However, their
evaluationandtranslationtodifferentﬁeldsneedtoberesearchedfurther.
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