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Abstract—Explaining machine learning models without any
knowledge of their inner workings is an ambitious and often
a necessary challenge to be solved. Local interpretable model-
agnostic explanations (LIME) is undoubtedly one of the most
well-known methods to deal with this issue, however its slow
performance might render LIME unsuitable for industry level
tasks. In this paper, we evaluate the Model-Agnostic SHAPley
value explanations (MASHAP) method as a faster alternative
for explaining black-box models and we compare it with LIME
across a series of evaluation metrics. Our experiments1 show valid
reasons why one should choose MASHAP over LIME, since it
delivers roughly the same consistency in a significantly faster
way.

Index Terms—machine learning, interpretability, transparency

I. INTRODUCTION

Rendering Machine Learning (ML) models transparent is

one of the biggest challenges Artificial Intelligence (AI) is

currently facing. The intricate structure and perplexing com-

plexity of many state-of-the-art ML models (e.g. deep neural

networks) hinder vastly their level of interpretability [1], which

is the ability to explain in understandable terms the decision

process of the model.

A basic categorization of interpretability methods concerns

the model to be explained: a model-agnostic method has only

access to the data and the predictions of the black-box model,

while the inner-working are withheld, in contrast to model-

specific techniques, which are applicable only for a single

type of algorithm, as each method is based on some specific

model’s internals [2].

The most well-known model-agnostic method is LIME [3],

which stands for Local Interpretable Model-agnostic Expla-

nations, and works by fitting an interpretable model locally

around a prediction of interest. LIME is used by the majority

of well-known open-source frameworks (Microsoft’s Inter-

pretML [4], IBM’s AI Explainability 360 [5], Oracle’s Skater

[6], DALEX [7]) for the part of the model-agnostic method.

Finally, the method in our previous work in [8], which we

now name as MASHAP (i.e. Model-Agnostic SHAPley value

1The code is available at https://github.com/amessalas/mashap-lime

explanations), creates a high-fidelity surrogate XGBoost model

[9], which then is explained by the model-specific Tree SHAP

method [10], [11].

In this paper, we evaluate and compare on a variety of

evaluation metrics the MASHAP method with the most-well

known model-agnostic counterpart, the LIME method. Our

experiments have shown that MASHAP is much faster than

LIME, while it achieves similar scores on the other comparison

metrics, rendering it a considerable alternative for model-

agnostic explanations.

II. LIME

LIME [3] is a model-agnostic explanation method that

explains any ML model, by training a local (interpretable)

surrogate model around individual predictions.

The method starts by generating a new artificial dataset of

perturbed samples around the instance of interest and obtains

their corresponding predictions using the black-box model

as an oracle. The new data points are weighted based on

their proximity to the original observation. Then, a feature

selection step is implemented, which picks the features that

best describe the model outcome from the new data. Finally,

a simple model is trained and fitted to the new selected data

and an explanation is derived through it.

The process above can be summarized in the following

minimization problem, which formulates a LIME explanation

ξ(x) of an instance of interest x as

ξ(x) = argmin
g∈G

L(f, g, πx) + Ω(g)

where g is an explanation model, G is the class of potentially

interpretable models (e.g. linear models, decision trees), Ω(g)
is a measure the complexity of the explanation model (e.g.

depth of tree), πx is a proximity measure of an instance i to

x, f is the probability that x belongs to a certain class and

finally L is a measure of fidelity between f and g.

III. MASHAP

MASHAP [8] is another model-agnostic technique that can

explain any model, which utilizes the Shapley values [12].



Shapley values represent the qualitative (positive or nega-

tive) and quantitative contribution of each feature to a certain

prediction. They are derived from Shapley regression values

[12], which have been studied extensively in cooperative

game theory, ascertaining their strong and solid theoretical

background. Moreover, it is proved that they are the only

possible locally accurate and consistent feature contribution

values [10]. While computing the Shapley values in the general

case is a #P problem [13], the Tree SHAP method has a low-

order polynomial complexity O(TLD2) (where T is number

of trees, L is the maximum number of leaves in any tree and

D is the maximum depth of the trees) by taking advantage of

the special structure of the tree-based models.

MASHAP initially builds a global surrogate model on the

data we wish to explain. The goal of this step is to achieve the

highest possible fidelity between the surrogate and the original

model. This usually leads to over-fitted models, which however

is not of great concern, since the surrogate model will only

be used for extracting the explanations for the current input

data and not for making any future predictions on new data.

Afterwards, the surrogate model will be passed to the Tree

SHAP method [10], [11], which will produce the explanations

based on the Shapley values [12]. The Tree SHAP method

is model-specific and accepts only tree-structured models. In

our implementation we chose the XGBoost model [9], since

it provides efficiency, over-fitting control and model re-train

capability. If we have training and test sets, we can train the

MASHAP explainer on the training set and then use XGBoost

to partially retrain it only on the test set and get an updated

version of the explainer (another option would be to merge

the two sets).

IV. EVALUATION METRICS

The wide variety of the numerous explanation methods that

have been proposed makes their taxonomy a challenging task.

Based on the metrics presented in [11], [14] and [15] we

created an suitable evaluation scheme to compare LIME and

MASHAP on 6 metrics:

• Runtime [11]: the time to explain 100 predictions

• Consistency guarantees [11]: if a model changes so that

a feature has a larger impact or stays the same, then

its attribution value should not decrease. These metrics

work by adding or removing features, measuring model’s

output or accuracy and then calculating the total Area

Under the Curve (AUC). The features that increased

or decreased the model’s output are called positive or

negative correspondingly, while features that increase

model’s accuracy are named absolute. There are three

hiding modes: mask, where hidden values are masked

with the mean value, resample, where they are replaced

by values from a random training sample and impute,

where they are replaced by imputed values that match

the maximum likelihood estimate under the assumption

that the inputs features follow a multivariate normal

distribution. In total there are 18 consistency guarantees

metrics, which we aggregate into 6 metrics, by grouping

together the hiding modes (mask, resample and impute).

• Identity [14]: identical data points must have identical

explanations

• Expressive power [15]: the presentation of the explana-

tions (language/structure)

• Translucency [15]: the degree to which the explanation

method uses the inner-workings of the model

• Portability [15]: the range of different models the expla-

nation method can be applied to

V. EXPERIMENTS AND RESULTS

The main limitation of the two methods is located on the

fidelity of their produced (local or global) surrogate models.

Producing a surrogate model that predicts the exact same

outcome as the original model for a given dataset, does

not necessarily directly imply that the two internal decision

processes are the same. In other words, the reasons that led

one model to make one prediction may not be the same as

the reasons that led another model, even if the prediction

is the same. This effect is known as the “Multiplicity of

Good Models” or the “Rashomon effect” [16] and it is the

main problem of every surrogate model method. In LIME

this limitation is found locally, while in MASHAP it is found

globally. In this section, we will examine inter alia in which

case the “Rashomon effect” has the biggest impact.

For our experiments, we used 21 datasets from the OpenML

repository [17], which are listed in Table I and whose di-

mensionality (i.e. number of features) ranges from 16 to

144 features. We also used five machine learning models

from the scikit-learn library [18] that implement the following

algorithms: K-Nearest Neighbors, Decision Trees, Random

Forests, Gradient Boosting and Multi-layer Perceptron (MLP).

Our goal was to get a variety of predictions, from different

models and from datasets with different dimensions.

The results were:

• Runtime: MASHAP was approximately 495 times faster

than LIME. The runtime for each method was calculated

by averaging the runtime of the five models for a given

dataset. LIME is significantly slower because it requires a

generator of perturbed data points around the instance of

interest, feature selection and training of a linear model

for every instance of the test set.

• Consistency guarantees [11]: each one of the six aggre-

gated metrics was calculated on 315 measurements (1890

in total). We used Student’s t-test, for paired samples,

with a confidence level threshold α of 0.05 to compare

the results of the six metrics, which are presented in Table

II. MASHAP achieves significantly better performance

than LIME at the Keep and Remove absolute metrics,

while LIME outperforms MASHAP at the Keep negative

metric. As for the other metrics there is no clear winner,

since there is not statistical significance in the mean dif-

ferences of the two methods. Based on these results, we

can conclude that LIME’s and MASHAP’s performance

in consistency guarantees is similar.



TABLE I
21 OPENML DATASETS USED IN THE EXPERIMENTS

Dataset (OpenML id) # records # features

adult 48842 14
bank-marketing 45211 16
climate-model-simulation-crashes 540 20
compas-two-years 5278 13
credit-approval 666 15
credit-g 1000 20
cylinder-bands 378 37
default-of-credit-card-clients 30000 23
elevators 16599 18
ionosphere 351 34
jasmine 2984 144
kc1 2109 21
kc3 458 39
kr-vs-kp 3196 36
mushroom 8124 22
nomao 34465 118
pc1 1109 21
ringnorm 7400 20
SPECTF 349 44
twonorm 7400 20
vote 435 16

TABLE II
CONSISTENCY METRICS RESULTS

Metric Winner p-value
Statistical

Significance (α=0.05)

Keep positive MASHAP 0.535367 No
Keep negative LIME 0.000031 Yes
Keep absolute MASHAP 0.000807 Yes

Remove positive MASHAP 0.089962 No
Remove negative LIME 0.247725 No
Remove absolute MASHAP 0.004407 Yes

• Translucency: both MASHAP and LIME are model-

agnostic methods, so they are oblivious of the inner-

workings of the model they try to explain. However,

LIME requires access to the predictive function of the

black-box to use it as an oracle for the generated per-

turbed data points. MASHAP, on the other hand, only

requires the data to be explained and its corresponding

predictions from the model.

• Portability: both MASHAP and LIME can be applied

to any kind of machine learning model that predicts an

output based on some input.

• Identity: both MASHAP and LIME meet the requirement

for this metric. MASHAP uses deterministic procedures,

whereas LIME has a data sampling step, which is prob-

abilistic, however it can be manipulated to provide the

same output by passing a random state parameter.

• Expressive power: both MASHAP and LIME have the

same expressive power, since both return feature sum-

maries, which can lead to various presentations of the

explanation (plots, text, etc.).

VI. CONCLUSIONS

We presented two model-agnostic methods that output local

explanations through feature scores and that use surrogate

models, which generally suffer from the ”Rashomon effect”

[16]. The consistency guarantees in our experiments showed

that this effect statistically has similar impact on a local

(i.e. case of LIME) and a global (i.e. case of MASHAP)

level. The same applies also for the identity, expressive power

and portability metrics. However, the runtime metric showed

that MASHAP is much faster than LIME for batches of

data. Moreover, MASHAP is a ”pure” model-agnostic method

(translucency metric), since it does not require any access to

the original model, unlike LIME which uses it as an oracle.

Considering all the above arguments, it is fair to say that

MASHAP is a considerable alternative to LIME for model-

agnostic interpretability, since it delivers roughly the same

consistency as LIME, in a much faster way.
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