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Abstract. Providing reliable uncertainty quantification for complex vi-
sual tasks such as object detection is of utmost importance for safety-
critical applications such as autonomous driving, tumor detection, etc.
Conformal prediction methods offer simple yet practical means to build
uncertainty estimations that come with probabilistic guarantees. In this
paper we apply such methods to the task of object localization and il-
lustrate our analysis on a pedestrian detection use-case. Throughout the
paper we highlight both theoretical and practical implications of our
analysis.

Keywords: Object detection · Conformal prediction · Uncertainty quan-
tification.

1 Introduction

Recent works in object detection show a great variety of models and approaches.
Among the most notable we can mention: RCNN [13], Fast-RCNN [12], Reti-
naNet [22], FPN [21], YOLO and its several versions [28–30], SSD [24] or DETR
[7].

Despite their impressive success observed on various benchmarks, many chal-
lenges remain ahead. For critical systems, several additional guarantees shall be
provided to avoid catastrophic consequences: in an autonomous vehicle, a pedes-
trian mislocated by the system could be hurt or killed; in a cancer detection
system, several cancer cells missed by the object detector could not be treated.
To ensure the safety of the user, the uncertainty of the location of the object to
detect should be quantified, allowing to create safeguards around the object.

The main challenge consists in providing reliable uncertainty quantification of
their prediction errors. While many object detection models compute so-called
confidence scores which can be interpreted as basic estimators of uncertainty,
they are often unreliable (i.e. over or under-estimating the true uncertainty).



2 F. de Grancey et al.

Another difficulty stems from the complex interplay between the classification-
type errors and the localization-type errors of the object detectors. In addition,
the risks associated with each type of error are application-dependent.

For safety-related applications, one may seek to obtain various guarantees.
One such guarantee related to object localization, that will be addressed in this
paper, may read: ensure that at least a significant portion (i.e. a user-specified
fraction) of the objects recognized in visual images satisfy this property: their
true bounding boxes are fully covered6 by the boxes predicted by a given object
detection model. This type of guarantee may be helpful, for example, to build
reliable models for tumor discovery, obstacle detection or trajectory estimation.

Uncertainty Quantification for Object Detection Several techniques such
as Deep Ensembles methods [18, 25] or Monte Carlo-Dropout methods [2, 9, 26,
27] have been developed to provide epistemic uncertainty quantification. Other
methods such as Direct Modeling add additional layers on top of the object
detector to achieve such estimations [19]. More recent works introduce proba-
bilistic object detectors which distinguish between the aleatoric and epistemic
uncertainties and estimate their variances separately. Based on the work of [15],
the authors extend Bayesian neural networks to object detectors [14,16]. A com-
plete survey on uncertainty estimation for object detectors can be found in [11].

Many of the cited methods have been applied to uncertainty quantification
in object detection tasks with various success. Nevertheless, to the best of our
knowledge, none of these works provide statistical guarantees about the esti-
mated uncertainties, e.g., that the relevant objects are correctly classified with
high probability, or that they are correctly localized in the image most of the
time, or both.

Main Contributions and Outline of the Paper In this work, we consider a
relatively recent family of statistical methods called Conformal Prediction, which
are post-processing methods to compute guaranteed “error margins” for various
learning tasks. Our main contribution is the first application of such ideas to a
practical object detection use-case, namely, pedestrian localization (i.e. correct
prediction of the minimum area bounding box encompassing objects classified as
pedestrians). This may be further used to increase the reliability of, e.g., collision
avoidance or assisted braking functions. To that end, the paper is organized as
follows:

– After presenting the main ingredients of conformal prediction in Section 2
we describe the experimental setting in Section 3.

– In Sections 4 and 5 we show several ways to apply conformal prediction
methods for object localization, with various statistical guarantees.

– In Section 6 we emphasize subtle pitfalls that a user may fall into, to help
interpret conformal prediction guarantees when applied to object detection.

6 All the coordinates of the true box will be found inside the rectangle defined by the
predicted bounding box of the object.
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Fig. 1. Conformalization example (box-wise, risk level α = 0.1) on a BDD100k image
with Ground Truth, Inference and Conformalized boxes.

2 Background: Conformal Prediction

Consider a supervised learning task (e.g. classification or regression), where we
want to predict an unknown label y (e.g. a class or a real number) given an ob-
served input x (e.g. an image). Typical ML models such as deep neural networks
output predictions f̂(x) with little or no hint as to whether f̂(x) is close to the
unknown label y. To that end, Conformal Prediction [1, 20, 33] is a family of
post-processing methods that are useful to compute guaranteed “error margins”,
under some assumptions on the data (see Theorem 1 below for an example). The
overall process from learning to inference typically unfolds as follows.7

1. Data collection: Two different datasets are collected: a training set and a
calibration set, which will be used to learn and evaluate a ML model. (See
below for independence and distribution requirements on the data.)

2. Training step: a machine learning model f̂ is learned on the training set.
The underlying model can be of virtually any kind (a deep neural network,
a random forest, etc).

3. Conformalization step: the learned model f̂ is evaluated on the calibration
set. This step consists in measuring the errors of f̂ on the calibration set,
and in reporting a quantile qα of these errors for some pre-specified risk level
α ∈ (0, 1). More precisely, given a non-conformity score s

(
ŷ, y
)
to assess the

“distance” between a prediction ŷ = f̂(x) and a ground truth y, we compute
the errors of f̂ on all data points (xi, yi) of the calibration set8:

Ri = s
(
ŷi, yi

)
, i = 1, . . . , nc , (1)

7 More complex variants exist. The typical process outlined here is more precisely
known as split conformal prediction.

8 The errors are sometimes called “residuals” (hence the Ri notation).
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where nc is the size of the calibration set. (For example, in regression, we
can take the absolute difference s

(
ŷ, y
)
= |y − ŷ|.) Then, the quantile qα is

defined as the d(1−α)(nc+1)e-th largest value among the observed errors Ri.
4. Inference step: Given a new input x, instead of outputting a simple pre-

diction f̂(x), we output a prediction set Cα(x), with the goal of containing
the unknown ground truth y. It is defined as the set of all labels y′ that are
“close enough” to the prediction ŷ = f̂(x) of the ML model:

Cα(x) =
{
y′ : s

(
ŷ, y′

)
≤ qα

}
, (2)

where qα is the error quantile reported at the end of the conformalization
step, and serves as an “error margin”. For example, in the regression example
mentioned above, the prediction set is given by Cα(x) = [ŷ−qα; ŷ+qα]. Other
non-conformity scores lead to other prediction sets, as shown later.

Dataset Requirements. In order to be able to prove that a prediction set
Cα(x) contains the unknown label y “most of the time”, the datasets must satisfy
some requirements. Sufficient requirements are that:9

(i) data from all 3 datasets (training, calibration, inference) are independent;
(ii) data distributions at calibration and inference steps are identical.

Requirement (i) is useful to avoid overfitting issues. Requirement (ii) is useful
to make sure that errors measured during the conformalization step are rep-
resentative of errors at inference time. Interestingly though, training data can
be distributed differently, which can be useful when computational resources or
data for training are rather scarce, while an ML model carefully trained for a
close distribution is already available. (Of course, a model that was pre-trained
for a very different distribution will perform poorly at the conformalization step,
and thus the error margin qα will be large.)

Under the above dataset requirements, the conformal prediction process 1-4
outlined above satisfies the following probabilistic guarantee.

Theorem 1 (see, e.g., [1, 20, 33]). Assume the training, calibration, and in-
ference datasets satisfy Requirements (i) and (ii) above. Then, on average over
the choice of the calibration set and the new data point (X,Y ),

P
(
Y ∈ Cα(X)

)
≥ 1− α .

We say in this case that the method has a coverage of 1 − α. The above
guarantee means that, for a fraction 1−α of all possible calibration sets in Step 3
and possible data points (x, y) in Step 4, the prediction set Cα(x) contains the
true label y. In other words, if we repeated the overall conformal prediction
process 1-4 many times independently, it would err a fraction at most α of the
time. Details about dangers of interpretation are given in Section 6.
9 Mathematically speaking, it is in fact sufficient that the calibration data and the
data at inference time are exchangeable, conditionally on the training data.
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3 Experimental Setting and Goals
In the following sections we describe how conformal prediction methods can be
applied to post-process (i.e. shrink or enlarge) the prediction boxes provided
by a pedestrian detector. The goal is that the new boxes, called conformalized
boxes, fully cover the true bounding boxes of the objects of interest, “most of
the time”. For example, in Figure 1 we would like to cover all gold boxes with
green boxes, which are obtained by adjusting the predicted boxes in cyan. The
precise interpretation and limitations of the “most of the time” statement will be
detailed shortly, when we apply conformalization procedures on different levels
respectively: per coordinate, per bounding box or per image.

Both the level at which conformalization is conducted, and the design of non-
conformity scores are engineering choices, as they depend on the actual usage of
the model in real-world applications. For the pedestrian detection case considered
here we may be interested in providing guarantees related to individual objects.
In this case, a box-wise conformalization seems more appropriate. However, in
other cases we may be interested in image-wise conformalization, as to ensure
that a majority of images satisfy a desired property (e.g. all or most of the
objects of interest in the image are “well” localized).

In all our experimental settings we consider the YOLOv3 object detector [30]
pretrained on the COCO training dataset [23] (i.e. Step 2 described in Section 2
is fixed). As stated in Section 2 we can conformalize on a calibration dataset with
a distribution that is different from that of the training set. Therefore we conduct
all our experiments on the BDD100k dataset [34] by considering its training set
as our calibration set (denoted by DcalibBDD thereafter) and its validation set as our
test set (denoted by DtestBDD). Since we focus on pedestrian detection, the original
70k+10k images of training and validation sets reduce to 22213 and 3220 images
with at least one person/pedestrian (we include riders), containing 91349 and
13262 annotated persons respectively.

In the following sections we propose non-conformity scores for each level of
analysis (coordinate, box or image) and discuss practical implications of these
choices. Finally, we emphasize some statistical aspects that are essential to any
correct interpretation of the obtained guarantees.

4 Coordinate-Wise and Box-Wise Conformalization
As mentioned above, our goal is to post-process the boxes predicted by an object
detector such that they cover the true bounding boxes of the objects of interest.
In this section, we compute error margins at box level, by treating boxes as indi-
vidual data points for the conformal prediction process of Section 2. We compute
error margins for each coordinate xmin, xmax, ymin, ymax separately (Sec. 4.2), and
then show how to correct them to obtain guarantees at box level (Sec. 4.3).

4.1 Preliminary Assignment

On a given image, in order to compare predicted boxes with true boxes at box
level (that is, compare box A with box B), we need to assign predicted boxes to
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true boxes. A preliminary pre-processing assignment stage is thus necessary. This
step is performed with the Hungarian matching algorithm [17] based on the IoU
metric. By applying it, we retain exclusively the true positive bounding boxes
for calibration. Therefore, at inference time our probabilistic guarantee will only
ensure that true positives are correctly covering the ground truth, while false
negatives might still exist. In the following experiments, unless otherwise stated,
a detection box must have a confidence score higher than 0.5 and an IoU with a
ground truth object above 0.5 to assign the predicted box to a true box. Based
on this assignment stage, the BDD100k calibration and test sets reduce to 42824
and 6138 assigned persons respectively.

4.2 Coordinate-Wise Conformalization

We explain in details how to instantiate Steps 3 and 4 of Section 2.

Conformalization step. Assume that we have assigned predicted boxes to true
boxes as in Section 4.1. In order to compare the i-th predicted box with the i-th
true box, we compare each of the four predicted coordinates x̂imin, x̂

i
max, ŷ

i
min, ŷ

i
max

with the four true coordinates ximin, x
i
max, y

i
min, y

i
max, by counting errors posi-

tively when the truth lies outside the prediction (e.g. x̂imin > ximin or x̂imax <
ximax), and negatively otherwise. This choice is less conservative than consider-
ing absolute error values and leads to the following four errors (cf. Eq. (1)): for
i = 1, . . . , nc,

Rixmin
= x̂imin − ximin Riymin

= ŷimin − yimin

Rixmax
= ximax − x̂imax Riymax

= yimax − ŷimax
(3)

Note that nc is given by the total number of predicted objects assigned to a
true object, which is larger than the number of images in the calibration set.

Then, following Step 3 of Section 2, we compute a quantile qα for each of
the four errors above, defined as the d(1 − α)(nc + 1)e-th largest value among
the observed errors Ri. These four quantiles will serve as error margins for each
coordinate.

As an illustration, the errors Riymax
on DcalibBDD are represented on the histogram

on the left side of Fig. 2 (in red: the quantile qα for α = 0.1, i.e. specified coverage
of 0.9). The right side shows the evolution of the quantile qα w.r.t. the parameter
α. High guarantees (α < 0.05) imply large margins, whereas low guarantees only
require small modifications of the predicted coordinates.

Inference step. We now instantiate Eq. (2) of Section 2 to compute a pre-
diction set Cα for each coordinate xmin, xmax, ymin, ymax, given four predicted
coordinates x̂min, x̂max, ŷmin, ŷmax as inputs. These prediction sets are intervals:

Cαxmin
= [x̂min − qxmin

α ,+∞) Cαymin
= [ŷmin − qymin

α ,+∞)
Cαxmax

= (−∞, x̂max + qxmax
α ] Cαymax

= (−∞, ŷmax + qymax
α ]

(4)
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Fig. 2. Left: histogram of the errors Ri for the coordinate ymax, and the corresponding
quantile qα for α = 0.1. Right: Evolution of the quantile value qα with risk level α.

In Table 1, the first four lines (coordinate-wise) give the evaluation of the
observed coverage on the DtestBDD set, i.e., for each coordinate, the proportion of
(true positive) boxes for which the true coordinate lies within the corresponding
prediction set. We can see that Thm. 1 is verified whatever the specified coverage.

Table 1. Evaluation of observed coverage on DtestBDD using the quantile evaluated for
three specified coverage values (in red when the specified coverage is not reached).

Method specified coverage (1-α) 0.7 0.9 0.95
Observed coverage

xmin 0.76 0.91 0.96
Coordinate-Wise xmax 0.78 0.91 0.96
§4.2 ymin 0.70 0.92 0.95

ymax 0.71 0.91 0.95
Box-Wise §4.3 w/o Bonferroni 0.35 0.73 0.86
Box-Wise §4.3 with Bonferroni 0.79 0.92 0.96

4.3 Bonferroni Correction for Box-Level Guarantees

In this section we seek the following guarantee: at inference time, among all
true bounding (pedestrian) boxes that are detected, a fraction 1 − α of them
are correctly covered by conformalized boxes.10 We explained in Eq. (4) how to
compute error margins to locate unknown coordinates xmin, xmax, ymin, ymax of a
box, given predictions x̂min, x̂max, ŷmin, ŷmax. It might be tempting to define the
10 The 1− α guarantee only holds on average over all calibration sets, see Section 6.
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conformalized box as the largest (worst-case) box whose coordinates are within
the intervals Cα, i.e., the box with coordinates

x̂min − qxmin
α x̂max + qxmax

α ŷmin − qymin
α ŷmax + qymax

α .

However, looking at the experimental results of Table 1 (line w/o Bonferroni),
we remark that for, e.g., a specified coverage of 95%, only 86% of true boxes are
covered by conformalized boxes. The lower-than-expected coverage is a direct
consequence of considering each coordinate of the bounding boxes independently,
since errors on each coordinate can happen on different boxes.

One simple solution is to apply a so-called Bonferroni correction (e.g., [5]), a
statistical adjustment to account for this 4− way dependency. This is straight-
forward, as it amounts to perform the exact same procedure as described in the
previous section, but replacing qα with qα/4. With this slight change the new
coverage on the test set becomes within the expected levels (see Table 1, line
with Bonferroni). Note that since qα/4 ≥ qα, the conformalized boxes will be
larger. For example, for the ymax coordinate and for a specified coverage of 0.9
(α = 0.1), we obtain qα = 6 pixels and qα/4 = 14 pixels.

5 Image-Wise Conformalization

The method of the previous section aimed at guaranteeing that, at inference
time, among all true (pedestrian) bounding boxes that are detected, a fraction
1 − α of them are correctly covered by conformalized boxes.10 This guarantee
has two limitations: (i) false negatives (undetected pedestrians) are not taken
into account, without any control on their occurrence rate; (ii) the fraction of
detected true boxes that are covered on a given image might be much different
from 1− α (the 1− α coverage is an average over all boxes across the test set).
While the box-wise approach can still be useful for pedestrian detection (e.g., for
tracking true positives), for medical applications such as cancer cell detection,
(i) and (ii) imply that we might miss too many cancer cells on too many images.

Next we study another non-conformity score to pursue a guarantee at image
level rather than at object level. We aim at the following guarantee: on average
over the choice of the calibration set, a fraction 1−α of images at inference will
be such that a fraction 1−β of true boxes in the image will be correctly covered
by conformalized boxes.

To that end, we consider a non-conformity score sβ(B̂, B) that is a close
variant of the partial (or quantile) directed Hausdorff distance [31]. It compares
two sets of boxes on a given image: the set B̂ of all predicted boxes, and the set
B of all true boxes. Our score sβ(B̂, B) is defined as the smallest margin r ≥ 0

that it suffices to add to all predicted boxes in B̂ (on all four coordinates) so
that a fraction at least 1−β of true boxes in B are correctly covered by the union
of enlarged predicted boxes. We then follow the whole process of Section 2. In
particular, the quantile qα computed at conformalization is the margin that will
be added to all predicted boxes at inference.
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Fig. 3. Conformalization example (image-wise, risk level α = 0.1, β = 0.25) on a
BDD100k image with Ground Truth, Inference and Conformalized boxes.

A BDD100k example is shown on Figure 3, for α = 0.1 and β = 0.25 (the
aim is to correctly locate 75% of all pedestrians on each of 90% of all possi-
ble images). Interestingly, though only 5 pedestrians were detected (in cyan),
9 pedestrians (in gold) are located within conformalized boxes (in green). This
positive effect is due to the presence of multiple pedestrians nearby. Though this
effect is not frequent in our use-case (pedestrians are often more isolated) and
prevents the system from tracking pedestrians individually, it seems more useful
for applications where objects of interest are often nearby, such as cancer cell
detection.

6 Statistical Pitfalls

While very useful in practice, the probabilistic guarantees behind conformal
prediction such as Theorem 1 should be interpreted with care. They rely on
assumptions and have some limitations, which we outline below.

A guarantee “on average” over the box/image domain. As explained
after Theorem 1, the inequality P (Y ∈ Cα(X)) ≥ 1 − α is a guarantee on
average over calibration sets and test data points. In our use-case, this implies
that the 1− α coverage is correct on average over all boxes/images at inference
time, but might be incorrect in some subsets of the box/image domain. For
example, for our box-wise conformalization experiment on the BDD100k dataset,
when restricting the test set DtestBDD to pedestrians that are close to the camera
(height larger than 150 pixels), the coverage is smaller than 64% for a specified
coverage of 70% (α = 0.3), and smaller than 81% for a specified coverage of 90%
(α = 0.1).11 Of course, a simple solution here is to apply conformal prediction
for close pedestrians only (predicted height larger than 150 pixels). However, this
11 These coverage values include statistical error margins at level 95%.
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solution cannot work in settings where a very large number of subdomains need
to be distinguished (since calibration sets need to be large enough) or where
these subdomains are not known a priori. In any case, due to the statistical
nature of conformal prediction methods, one must keep in mind that there are
some boxes or images on which these methods will fail at inference.

A guarantee “on average” over calibration sets. Similarly, while the
1 − α coverage is correct on average over all possible calibration sets, its value
might be different for the single calibration set used in practice. The way the
coverage varies from one calibration set to another was described in details in [1].
Next we illustrate this variability on BDD100k with box-wise conformalization
(as in Section 4.3) and α = 0.1, by re-sampling various calibration sets and re-
porting the associated test coverage values. The histogram on Figure 4 shows a
large variability of coverage values, which means that different calibration sets
lead to different coverage values at inference. Fortunately here, most values are
above the specified coverage of 0.9 (since the margins are a little conservative
due to the Bonferroni correction), but the tail probability on the left of 0.9 im-
plies that the user has still a chance to use a calibration set that would result in
a lower-than-expected coverage at inference. Recent works have proposed vari-
ants of conformal prediction (with more conservative margins) to deal with this
variability (e.g., [4, 10]).

0.88 0.90 0.92 0.94 0.96
 Fraction of Valid Boxes
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40
 Empirical coverage at box level, for a risk level 0.1

Fig. 4. Empirical coverage distribution measured on the same test set when sampling
different calibration sets and applying box-wise conformalization as in Section 4.3.

Datasets requirements: independence assumption. As recalled in Sec-
tion 2, several properties on the datasets are required for the probabilistic guar-
antee of Theorem 1 to be valid. This is not at all surprising due to the statistical
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nature of conformal prediction. The independence requirement (i) between all
data involved (training, calibration, test) is to avoid overfitting issues. In partic-
ular, dependencies between training and calibration data could lead to measure
artificially small errors Ri at conformalization, while dependencies within the
calibration set may reduce statistical power in an uncontrolled manner.12 In
practice, the independence assumption seems difficult to guarantee or test, but
data collection practices should aim at it. For the box-wise procedure of Sec-
tion 4.3, it is not clear a priori that errors Ri are independent, because of pos-
sible intra-image dependencies between boxes. Dependencies seem a little easier
to prevent in the image-wise setting of Section 5 (by, e.g., discarding neighboring
images in a sequence). For our use-case however, our box-wise and image-wise
test coverage values, which reach specified coverage, are really encouraging.

Distribution shift between calibration and test. We now investigate
the importance of the dataset requirement (ii) of Section 2. To that end, we use
our model calibrated on DcalibBDD for the box-wise criterion, as in Section 4.3, but we
test its coverage on a new dataset, namely the Cityscape validation set [8]. This
might be a reasonable thing to do, as both datasets are quite similar (they include
urban scenes for autonomous driving scenarios). Yet the obtained coverage on
this new dataset is 0.790 for α = 0.1, i.e. significantly lower than expected.
On the opposite, the coverage on DtestBDD is 0.924, which is consistent with the
expected guarantee. See Figure 5 for results on a range of α values, the black
dotted line showing the expected coverage. In our haste to apply our methods on
new data, we misinterpreted the offered guarantee: even if conceptually similar,
the two datasets (the one used for calibration and test) probably do not share the
same intrinsic data distribution. This invalidates the data-related assumptions
described in Section 2, and consequently the offered guarantee. While this is
obviously a contrived example, in many practical situations it is quite easy to
mislead oneself into believing that the data processed at inference time follows
exactly the same distribution as the one used for the calibration of the model.
Recent works in conformal methods such as [3, 32] attempt to address such
challenges related to distribution shift. In our future work, we aim to apply these
results on our own experiments.

7 Discussions and Future Works

In this paper we present a practical guideline of how conformal prediction meth-
ods can be applied to object localization to provide uncertainty estimations with
probabilistic guarantees. We illustrate the essential aspects on a pedestrian lo-
calization use case. We propose several variants of conformal prediction methods
that provide guarantees at various levels (coordinate, bounding box or image)
and with different non-conformity scores. Finally, we highlight several statistical
aspects that one must take into account, and discuss the interpretation of the
obtained guarantees.
12 In fact, conformal guarantees work slightly beyond independence—under a so-called

“exchangeability” assumption [1, 20,33].
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Fig. 5. Box-wise empirical coverage oberved on (left) BDD100k validation set vs.
(middle) Cityscape validation set (expected coverage is black dotted line). Right: quan-
tile curves for Ymax with BDD100k or Cityscape training sets considered for calibration.

An engineering choice. Conformal prediction methods rely on the choice of
a non-conformity score that can be designed according to the targetted task and
a priori knowledge. For example, if we wish to differentiate the level of uncertain-
ties w.r.t. the size of the object we can normalize the scores of Eq. 3 by the width
and height of the predicted box, i.e., R̃ixmin

= Rixmin
/∆i

x, R̃
i
xmax

= Rixmax
/∆i

x,
where ∆i

x = |x̂imax − x̂imin| (and similarly for the y coordinates). Such scores
would lead to margins that scale multiplicatively with the size of the predicted
object. Though this is undesirable for our pedestrian use-case (since pedestri-
ans that are close to the camera correspond to the largest objects), this might
be useful in applications where we are ready to pay larger margins for larger
objects. Likewise, we can extend proposed scores as to compute simultaneously
an inner and outer conformal bounding box covering most of the true boxes (by
considering errors in absolute value). Note that the choice of the non-conformity
score can also help to analyze the data quality in test or calibration sets: high
scores can be indicative of ’extreme cases’, such as suspicious inputs or anoma-
lous annotations.

Future work. This paper focused on the localization task. Next we will
address the classification problem, and the interplay between the two—that is,
the global detection problem. At a system level, it would also be important to
build a link between such statistical guarantees and safety-related risks (e.g.,
fault rate). This task is however difficult, as this necessarily relies on additional
assumptions and uncertainties [6]. All these aspects, together with the numerous
potential statistical pitfalls, open up very challenging research questions.
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