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Abstract. In this paper, we examine the bias towards high-entropy fea-
tures exhibited by SHAP values on tree-based structures such as classi-
fication and regression trees, random forests or gradient boosted trees.
Previous work has shown that many feature importance measures for
tree-based models assign higher values to high-entropy features, i.e. with
high cardinality or balanced categories, and that this bias also applies
to SHAP values. However, it is unclear if this bias is a major problem
in practise or merely a statistical artifact with little impact on real data
analyses. In this paper, we show that the severity of the bias strongly de-
pends on the signal to noise ratio (SNR) in the dataset and on adequate
hyperparameter tuning. In high-SNR settings, the bias is still present
but is unlikely to affect feature rankings and thus can be safely ignored
in many real data applications. On the other hand, in low-SNR settings,
a feature without ground-truth effect but with high entropy could be
ranked higher than a feature with ground-truth effect but low entropy.
Here, we show that careful hyperparameter tuning can remove the bias.

1 Introduction

With the rising popularity of machine learning also came a growing need to
understand prediction models through interpretability methods. These methods
can have differing aims ranging from visualising the workings of the black-box
model to feature importance measures to understand which features are the
most important to the model or to some underlying relationship. One such inter-
pretability method is SHAP (SHapley Additive exPlanations) [1]. SHAP values
are based on Shapley values [2], a method from game theory that was first intro-
duced to machine learning applications by Štrumbelj & Kononenko [3]. Lundberg
& Lee [1] later introduced SHAP as the only additive feature attribution method
satisfying the properties of local accuracy, missingness and consistency. Lund-
berg et al. [4] introduced a new method for efficiently calculating SHAP values
for tree based structures (TreeSHAP).
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Several feature importance methods for tree-based methods have been shown
to have a bias towards high-entropy features, i.e., numerical features with many
unique values, categorical features with high cardinality or balanced category
frequencies. This phenomenon was already shown by Breiman et al. [5] for clas-
sification and regression trees and later made popular for model-specific random
forest feature importance [6–9]. Loecher [10, 11] and Adler & Painsky [12] have
shown that the same kind of bias is rooted deeper in the underlying tree struc-
ture and is thus not exclusive to random forests and its model-specific feature
importance measures but rather extends to SHAP values for random forests and
also to other tree-based prediction methods such as gradient boosted trees.

In this paper, we show that the bias observed for SHAP values is only a
problem when the signal to noise ratio (SNR) in the dataset is very low. The
bias becomes less important the higher the SNR and, while it is still present,
hardly matters in practise in settings with high SNR. We do this by performing
simulation studies on datasets with different levels of SNR. We also use two
real-world datasets with different levels of SNR to show the impact of SNR on
the bias. We further show that proper hyperparameter tuning can remove the
bias in SHAP values.

2 Simulation Study

To investigate whether SHAP values exhibit a bias towards high-entropy fea-
tures for tree-based models we conducted a simulation study. We used a data
generating process (DGP), which consists in first generating four categorical ex-
planatory variables (features) X1, X2, X3, X4 with 2,4,10 and 20 categories [6]
and one continuous explanatory variable X5 ∼ N (0, 1), respectively. Let X be
the n × 5 matrix of explanatory variables. We used a sample size of n = 100
throughout Section 2. All categorical variables were multinomially distributed
with equal probabilities for each category. The categories were 1, .., nc where nc
corresponds to the number of categories of the variable in question. The explana-
tory variables were simulated independently of each other. We used an outcome
variable O =X ·β+ ε, where β is a 1×5 vector and ε ∼ N (0, σ2) with variance
σ2 selected such that we attain a pre-specified signal to noise ratio (SNR). We
define the SNR as SNR = V ar(O)/σ2. With Var(x1) = 0.25 and Var(noise) = 1:

V ar(f(x)) = V ar(β1 · x1) = β2
1 · 0.25⇒ β1 =

√
SNR/0.5

Since we have an output O that is linear in X1, ..., X5 we can calculate ground-
truth SHAP values. First, for SNR=0, we set β = 0, which is analogous to the
no-effect case in [6]. Second, we set β to (1, 0, 0, 0, 0)

T so that only the first
variable has an effect on the outcome O.

For each of the generated datasets, we fitted a random forest (R package
ranger) and gradient boosted trees (R package xgboost). We then calculated
SHAP values with TreeSHAP (R package treeshap) and KernelSHAP (R package
shapr). We ran the same data-generating process 100 times, computing SHAP
values for every observation at each repetition. Further, we calculated the SHAP
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variable importance by calculating the mean absolute SHAP values over the
instances in the dataset [13].

Figure 1 shows the results for the no-effect case (SNR=0). As we can see,
SHAP importance values exhibit a very similar behavior to uncorrected impurity
importance in Strobl et al. [6], where the importance of the first continuous
variable X1 is the highest and the categorical variables are more important the
more categories they have. We see the same behvaior with random forests and
xgboost and both with KernelSHAP and TreeSHAP.
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SHAP importance values in the null case

Fig. 1. Boxplots of SHAP variable importance for the no-effect case with SNR=0 with
random forest and xgboost, KernelSHAP and TreeSHAP. The red dots correspond to
the ground-truth SHAP values from the data-generating linear model, the red line is
at 0.
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Figure 2 shows the result for the effect case with β = (1, 0, 0, 0, 0)
T and

increasing SNR. We see that for very low SNR (SNR = 0.01), X1 receives the
lowest variable importance on average, even though it is the only feature with
a true effect. For a higher SNR (SNR = 0.1), the bias is still visible but X1

can be clearly distinguished from X2, ..., X5. For a high SNR (SNR = 1), the
bias is almost negligible. In the replicates of the experiment with SNR = 1 the
SHAP importance value for X1 was always the highest SHAP value out of the
five variables.

Figure 10 (Appendix) shows boxplots of SHAP importance values for a neural
network trained on the same data. The results confirm the fact that the bias
is inherent to tree-based structures and is not necessarily exhibited by other
methods.
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SHAP importance values in the power case with random forest and TreeSHAP

Fig. 2. Boxplots of SHAP variable importance for the effect case with β = (1, 0, 0, 0, 0)T

and SNR set to 0.01, 0.1 and 1, with random forest and TreeSHAP. The red dots
correspond to the ground-truth SHAP values from the data-generating linear model,
the red line is at 0. Similar plots for xgboost and KernelSHAP can be found in the
Appendix.
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3 Effect of Model Tuning

We are interested in the effect of optimally tuning Random Forests on the ob-
served bias in SHAP importance values. In this section, we present results from
a grid search aimed at finding those values for max_depth and mtry, which mini-
mize the log loss or MSE on a hold-out set. Both for synthetic and real data sets
(see Section 4) we find that the observed bias is inevitably due to a sub-optimally
tuned model.

We follow the same procedure as in Section 2, but omit the often studied null
case (β1 = 0) since clearly the optimal model would just be a mean prediction.
Instead we focus on the so-called power case (β1 > 0) and tune the model
parameters for various signal to noise ratios.

Figure 3 demonstrates that the out-of-bag loss is smallest for max_depth =
1 and mtry = 5, which is not surprising: if only the binary predictor x1 is
informative, the best model would be a stump with no randomization in the
columns (mtry=5) which is confirmed by the graphs. In this light, the observed
bias in the simulated data by Strobl et al. [6] could be viewed simply as an
artefact of "throwing" an overly complex, non-tuned model at a data set with
an extremely simple structure.
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Fig. 3. Simulated data (n = 1000): Out-of-bag (OOB) error as a function of max_depth
and mtry for SNR=1,2 respectively. The optimal RF parameters are seen to be
max_depth = 1 and mtry = 5, consistent with the obvious fact that a tree stump
would be the ideal model. The Bayes error (= 1) is added as a brown dashed horizon-
tal line.

A similar story emerges from the effect of model tuning on SHAP values
as illustrated in Figure 4: the (global) SHAP values for the non-informative
features show the familiar biased pattern - the dependence on feature cardinality
x5 > x4 > x3 > x2 > x1 as well as the overall increase with max_depth. But
strikingly, for max_depth = 1 and mtry = 5, the bias completely disappears and
the only non-zero SHAP scores arises for x1. The expected/true SHAP value
shown in Figure 4 can be computed as follows: The overall expected value of y
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is
E(y) = β1E(x1) = 1.5 · β1 = 1.5 ·

√
SNR/0.5 = 3 ·

√
SNR.

Hence
φ2 = ±

√
SNR⇒ |φ2| =

√
SNR,

since β1x1 takes on the values 2
√
SNR and 4

√
SNR, respectively.
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Fig. 4. Simulated data (n = 200): Global SHAP distributions (100 repeated simula-
tions) as a function of max_depth for mtry=2,5 respectively (SNR=1). At max_depth=1
and mtry=5 (rightmost panel), the SHAP scores seem entirely unbiased: zero for non-
informative features and centered around the expected/true SHAP value for x1 which
is added as a red dashed horizontal line. Note the square-root y-scale which greatly
amplifies the small SHAP values for the non informative predictors.

We repeated these simulations for a sequence of decreasing SNRs and noticed
marked deviation from this unbiasedness only for very low values of SNR< 0.08.
In comparison, even a linear model fails to reliably identify the estimated slope
β1 as significantly different from zero for values of SNR< 0.05. So again, we
conclude from this subsection that the well publicised bias seems to be of concern
only in low SNR situations with poorly tuned models.

4 Real Data Analysis

The cervical cancer data set contains indicators and risk factors for predicting
whether a woman will get cervical cancer. The features include demographic data
(such as age), lifestyle, and medical history. The data can be downloaded from
the UCI Machine Learning repository and was used in [13] to illustrate the utility
of SHAP values to yield feature importance rankings, as illustrated in Figure 11
in the Appendix. As there appears to be a general consensus/expectation that
random forests rarely overfit [14–16] it is frequently common practice to accept
its default parameters and not spend more resources in tuning the model, which
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is the case for the results in Figure 11. On closer inspection though, these feature
attributions may reflect a fair degree of overfitting: Figure 5 suggests that the
optimal model is simply the baseline mean prediction and that more complex
ones fare worse on validation data. We speculate that this unexpected result is
due to the extreme imbalance of the outcome (ŷ = 0.94).
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Fig. 5. Cervical cancer data: Inbag versus out-of-bag (oob) loss as a function of the two
main tuning parameters of random forests. Somewhat surprisingly, the validation loss is
highly insensitive to the exact choices of max-depth and mtry and is in fact minimized
by the lowest complexity model, tree stumps. The baseline (mean predictions) log loss
is overlaid as a dashed brown line.

To study how the bias affects SHAP values on real data, we added permuted
versions of the original features, fitted random forests with default parameters
and calculated TreeSHAP variable importance values. We applied this procedure
to the cervical cancer (see above) and Boston housing data sets. The Boston
housing dataset contains various measures related to housing for the census
tracts of Boston recorded in the 1970 census. The dataset was first published
in Harrison et al.[17] Figure 6 shows the results on both data sets: For the
cervical cancer data, half of the top ten features are permuted ones, the two
top permuted features are the ones with highest cardinality (age and hormonal
contraceptives years) and for some features the permuted version even ranks
higher than the original (e.g. age). Thus, the top ten feature selection appears
to be mostly random, with a tendency to rank high-cardinality features high.
On the other hand, on the boston housing data, all top ten features are original
features. These results confirm our findings from the simulation studies: The
bias towards high-cardinality features is notable in low-SNR settings (cervical
cancer) but does not affect high-SNR settings (boston housing) much.



8 R. Baudeu et al.

Num.of.pregnancies

Num.of.pregnancies_perm

Number.of.sexual.partners

First.sexual.intercourse

IUD..years._perm

First.sexual.intercourse_perm

Age

Hormonal.Contraceptives..years._perm

Age_perm

Hormonal.Contraceptives..years.

0.000 0.005 0.010
SHAP

F
ea

tu
re

Cervical cancer

b

age

dis

tax

crim

indus

ptratio

nox

rm

lstat

0.0 0.5 1.0 1.5 2.0
SHAP

Boston housing

Feature type

Original

Permuted

Fig. 6. SHAP variable importance (top 10) for the cervical cancer and boston housing
data sets with original and permuted features. Permuted features are permuted versions
of the original features in the data.

5 Related Work

Strobl et al. [6] showed that variables with more categories have a higher Gini im-
portance. Permutation importance was also shown to be unbiased but variables
with more categories have higher variance which leads to higher false positive
rates for global importance measures. The authors argued that the bias is inher-
ent to the tree structure. Many solutions have been proposed to address this bias,
often by modifying the tree-building algorithm: Strobl et al. [6] suggest using
conditional inference trees or forests [18] and sub-sampling without replacement
to solve the problem. Wright et al. [8] make use of maximally selected rank
statistics to avoid the bias, whereas Loh & Shih [19] use ANOVA F-statistics.

Loecher [20] showed that SHAP values exhibit the bias just like Gini and
permutation importance in the null and power case for random forests. Adler
& Painsky [12] extended the result by showing that gradient boosting machines
exhibit the same bias in importance measures for Gini, permutation and SHAP
importance. SHAP is originally a local measure of variable importance. To use
SHAP as a global importance measure we are forced to first calculate SHAP
values for each individual observation before taking the mean of the absolute
value of SHAP values for each variable across observations [13]. An alternative
method to calculate global SHAP values is SAGE [21], which estimates Shapley
values for each variable to explain the reduction in the risk function induced by
adding this variable to a coalition of variables instead of explaining each model
prediction individually. Sutera et al. [22] shows that SAGE applied to tree-based
models is very similar to the Gini importance. Further methods to calculate
global SHAP values have been proposed [23–25]. However, as argued above the
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bias is due to the underlying tree-structure and thus, all of these methods inherit
it, as long as the tree-building algorithm is unchanged.

Through comprehensive experiments, Yasodhara et al. [26] evaluate both
the accuracy and stability of estimated global feature importance scores such
as SHAP and Gini and report disappointingly low correlations with the true
feature rankings even in the absence of added noise. When inputs or models
are perturbed, the correlations drop even lower. The authors did not investigate
the influence of uninformative variables of varying cardinality. The stability of
local explainability methods has been studied by Alvarez et al. [27] who show
that LIME [28] and (Kernel) SHAP [1] lack stability for complex black-box
models. Perhaps the most interesting take-away from these studies is the possible
coexistence of stable predictions with fragile explanations that change drastically
in response to the perturbations.

6 Discussion

SHAP variable importance measures show a bias when trying to infer an in-
herent relationship in the data similar to the bias observed by Strobl et al.[6].
The bias towards high-entropy variables, i.e. variables with more categories and
continuous variables, is present not just for random forests, but also for trees
and XGBoost trees, suggesting that this bias is due to the tree structure itself,
as was put forward in [6]. We showed that SHAP variable importance inherits
this bias but that the signal to noise ratio (SNR) plays an important role: In
low-SNR settings, the bias is evident, up to the point where a variable with many
categories and no effect on the outcome can have a higher SHAP importance
value than a variable with few categories but an effect on the outcome. On the
other hand, in high-SNR settings, the bias is still there but its magnitude is
vanishingly small, compared to true effects and thus of no major concern for the
practitioner.

The real world examples show the importance of SNR to determining the
importance of the bias. On the cervical cancer dataset with low SNR, some of
the variables with the highest SHAP values were permuted copies with high car-
dinality. On the Boston housing dataset with high SNR, the permuted features
were not in the top ten most important features by SHAP importance. We also
showed that in the power case, careful tuning of the hyperparameters of a ran-
dom forest can effectively eliminate the bias. Picking the mtry and maximum
tree depth combination with the lowest validation error, we end up with mtry=5
and max_depth=1. If we let the model have a maximum depth of 1 and let it
choose between all five variables at each split, the bias disappears.

It is important to note that the bias studied in this paper can only be con-
sidered a bias when we use variable importance measures to infer which variable
is important for some underlying relationship in the data [29]. If we are in-
stead interested in understanding the tree-based model itself, than this "bias"
in fact corresponds to a true effect, as the tree-based structure does in fact use
variables with more categories more often and closer to the top of trees than
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variables with fewer categories. This leads to an important distinction between
biases: A variable importance measure can be biased for identifying which vari-
able is important in determining the true outcome and it can also be biased for
identifying which variable is important in determining the predicted outcome,
i.e. the model output. If the model to be explained is not a perfect rendition of
the underlying relationship in the data, then any variable importance measure
will exhibit one of these biases. Thus, when using a variable importance measure
one should always consider what the measure should explain, the model output
or the real-world outcome.

In conclusion, recommend practitioners to consider the bias towards high-
entropy features when interpreting SHAP-based variable importance. If low pre-
diction performance on validation data indicates a low signal to noise ratio, the
bias can affect feature rankings and careful hyperparameter tuning is particu-
larly important. A strategy to detect the impact of the bias in sensitivity analyses
could be to add permuted feature copies as fake feature to the data. One step
further, one could also apply a correction method, as e.g. proposed by Nembrini
et al. [9].
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SHAP importance values in the power case with random forest and KernelSHAP

Fig. 7. Boxplots of SHAP variable importance for the effect case with β = (1, 0, 0, 0, 0)T

and SNR set to 0.01, 0.1 and 1, with random forest and KernelSHAP. The red dots
correspond to the ground-truth SHAP values from the data-generating linear model,
the red line is at 0.

A Appendix
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Fig. 8. Boxplots of SHAP variable importance for the effect case with β = (1, 0, 0, 0, 0)T

and SNR set to 0.01, 0.1 and 1, with XGBoost and TreeSHAP. The red dots correspond
to the ground-truth SHAP values from the data-generating linear model, the red line
is at 0.
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Fig. 9. Boxplots of SHAP variable importance for the effect case with β = (1, 0, 0, 0, 0)T

and SNR set to 0.01, 0.1 and 1, with XGBoost and KernelSHAP. The red dots cor-
respond to the ground-truth SHAP values from the data-generating linear model, the
red line is at 0.
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Fig. 10. Boxplots of SHAP variable importance for a neural network with two layers
of 64 units with relu activation, Adam iptimization and a linear output layer. The first
plot is for the no effect case and the second and third plots are for the effect case
with β = (1, 0, 0, 0, 0)T and SNR set to 0.1 and 1. The red dots correspond to the
ground-truth SHAP values from the data-generating linear model, the red line is at 0
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Fig. 11. left: SHAP feature importance measured as the mean of the absolute SHAP
values. right: SHAP "beeswarm" plot showing the distributions of SHAP values per
feature color coded by the sign and magnitude of the corresponding feature value. Low
number of years on hormonal contraceptives reduce the predicted cancer risk, a large
number of years increases the risk. (Random Forest with default parameter settings,
ntree=100 )
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