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Figure 1. SED templates. The flux scale is arbitrary. The top 12 SEDs (cyan)
are generated with BC03. The spiral (green) and elliptical (red) SEDs are from
Polletta et al. (2007).
(A color version of this figure is available in the online journal.)

The zCOSMOS-bright survey is now ∼50% complete. Here
we make use of only the extremely secure spectro-z measure-
ments with a confidence level greater than 99% (class 3 and 4).
This secure zCOSMOS-bright sample contains 4148 galaxies
with a median redshift of ∼0.48. The zCOSMOS-faint survey
is in its early stages, and here we use a preliminary sample of
148 galaxies with a median redshift of zm ∼ 2.2 and as faint
as i+ ∼ 25. This zCOSMOS-faint spectroscopic sample is not
fully representative of the average population at 1.5 < z < 3
due to the selection criteria (e.g., BJ < 24–25).

The Keck II spectroscopic follow-up of 24 µm selected
sources (J. Kartaltepe et al. 2008, in preparation) is ongoing
and we refer to this sample as MIPS-spectro-z. The DEIMOS
spectra cover a wavelength range 4000 Å < λ < 9000 Å at
a resolution of 600. This sample of 24 µm selected galaxies
contains 317 secure spectro-z (at least two spectral features)
with an average redshift of z ∼ 0.74 and apparent magnitude in
the range 18 < i+ < 25.

For all of the spectroscopic samples used in this paper
for testing and verification of the photo-z, we include only
secure spectro-z. Therefore, the uncertainties in the spectro-z
are neglected and the spectro-z are used as a reference to assess
the quality of the photo-z.

3. PHOTO-Z DERIVATION

Photo-z were derived using the Le Phare code23 (S. Arnouts
& O. Ilbert) which is based on a χ2 template-fitting procedure. In
the discussion below, we focus on the improvements introduced
here as compared to Ilbert et al. (2006) and the previous
COSMOS photo-z (Mobasher et al. 2007).

3.1. Galaxy SED Template Library

Ilbert et al. (2006) and Mobasher et al. (2007) used a set
of local galaxy SED templates (Coleman et al. 1980, hereafter

23 www.oamp.fr/people/arnouts/LE_PHARE.html

CWW) which have been widely employed for photo-z (e.g.,
Sawicki et al. 1997; Fernández-Soto et al. 1999; Arnouts
et al. 1999; Brodwin et al. 2006). Here, we employ a new
set of templates generated by Polletta et al. (2007) with the
code GRASIL (Silva et al. 1998). Polletta et al. selected their
templates for fitting the VIMOS VLT Deep Survey (VVDS)
sources (Le Fèvre et al. 2005) from the UV-optical (CFHTLS;
McCracken et al. 2007) to the mid-IR (SWIRE; Lonsdale
et al. 2003). Therefore, this set of templates provides a better
joining of UV and mid-IR than those by CWW. The nine galaxy
templates of Polletta et al. (2007) include three SEDs of elliptical
galaxies and six templates of spiral galaxies (S0, Sa, Sb, Sc, Sd,
Sdm).

We did find that the blue observed colors of the spectroscopic
sample were not fully reproduced by the Polletta et al. (2007)
templates. We therefore generated 12 additional templates using
Bruzual & Charlot (2003, hereafter BC03) models with starburst
(SB) ages ranging from 3 to 0.03 Gyr. We extend the BC03
templates beyond 3 µm rest-frame using the Sdm template of
Polletta et al. (2007). The full library of template SEDs, nine
from Polletta et al. (2007) and 12 from BC03, is shown in
Figure 1. Finally, we linearly interpolated between some
Polletta et al. templates to refine the sampling in color–z space.

Figure 2 shows the observed colors and redshifts of the
spectroscopic sample compared with the predicted colors for
the library SEDs.

3.2. Emission Lines

Figure 2 clearly shows how the observed colors oscillate with
the redshift, especially when the colors are measured with the
medium bands (top panels). Comparing the template curves
with (dashed) and without (solid) emission lines, one sees that
the expected line fluxes can cause up to 0.4 mag changes in
the color. This effect is particularly important when colors
involving intermediate and narrowband filters are computed
(see, for example, the upper right panel in Figure 2) but can be
already noticed using broadband colors. The color oscillations
are well explained by the contribution of emission lines like
Hα, [O iii], and [O ii] to the observed flux, thus the contribution
of the emission lines to the flux must be taken into account to
obtain accurate photo-z; this is a major change implemented
here compared with Ilbert et al. (2006) and Mobasher et al.
(2007).

In order to include the emission line contribution to the SED,
we need to model the emission line fluxes (O ii, O iii, Hβ, Hα,
Lyα) at any redshift, template, and extinction. The rescaling of
the template (A in Equation (2)) determines also the emission
line fluxes (therefore, the modeling of the fluxes must be done
galaxy by galaxy).

Our new procedure estimates the [O ii] emission line flux
from the UV luminosity of the rescaled template, using the
Kennicutt (1998) calibration laws. In the template fitting, a
UV rest-frame luminosity corrected for dust extinction can
be computed at every step of the redshift/template/extinction
grid (the rescaling factor A is taken into account in the UV
luminosity). The UV luminosity (at 2300 Å) is then related to the
star formation rate (SFR) using the relation SFR (M⊙ yr−1) =
1.4×10−28Lν (erg s−1 Hz−1) from Kennicutt (1998). This SFR
can then be translated to an [O ii] emission line flux using the
relation SFR (M⊙ yr−1) = (1.4 ± 0.4) × 10−41L[O ii] (erg s−1)
(Kennicutt 1998). This translates to

log(F[O ii]) = −0.4 × MUV + 10.65 − DM(z)
2.5

, (1)
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elements. Within these final leaves, our algorithm can leverage a
simple model for the actual prediction, by using, for example, the
mean value for a regression or the mode in a voting process as used
in a classification scheme.

Likewise, the basic idea of a random forest method is to use
bootstrap samples from the training data to build a set of prediction
trees. These trees are constructed by selecting the best split point
from a random subsample of the dimensions (e.g. magnitudes or
colours) along which the data are subdivided. By aggregating the
predictions from this forest of trees, we produce a more accurate
estimate. In our implementation, we incorporate the errors on the
measured attributes by perturbing the galaxy parameters by their
uncertainties. We repeat this process, generating multiple individual
new observations of each galaxy that are subsequently combined
into a final PDF, which can be used as desired to estimate a single
redshift and its associated error. In addition, our implementation of
this technique naturally incorporates data with missing values and
also provides extra meta information, such as an unbiased estimate
of the prediction error, a measure of the relative importance of the
parameters used in the photo-z estimation as a function of redshift,
an identification of regions where the training data provide poor
predictions and an identification of galaxies that are likely outliers.

This paper is organized as follows. In Section 2 we provide a
complete and detailed description of the photo-z method presented
herein. Section 3 introduces the different data sets we use to test
the efficacy and accuracy of TPZ and its unique capabilities. In
Section 4 we describe the specific experiments we perform to test
our photo-z implementation by using these data, present an analysis
of the results and discuss the capabilities of our approach. Finally
in Section 5, we conclude with a summary of our main results and
a discussion of the TPZ algorithm.

2 M E T H O D S

Among the different non-linear methods that are used to compute
photometric redshifts, prediction trees are one of the simplest yet
most accurate techniques. Supervised learning methods using pre-
diction trees, either classification or regression, have been shown
to be one of the most accurate algorithms for low as well as high
multi-dimensional data (Caruana, Karampatziakis & Yessenalina
2008). They also are fast, can easily deal with missing data and have
similarities with other non-parametric technique. For example, pre-
diction trees are similar to k-nearest-neighbour (kNN) algorithms
in that they both group data points with similar characteristics.

However, kNN use test data to identify similar points within the
training set while keeping the parameter k fixed, even though some
points might have a very different number of similar neighbours.
On the other hand, prediction trees have terminal leaves that bound
regions of the parameter space where the predictions (i.e. redshifts)
and their properties (e.g. magnitudes) are similar. As both the quan-
tity and identify of test data can vary between leaf (or terminal)
nodes, prediction trees are known as adaptive nearest-neighbour
methods (Breiman et al. 1984).

2.1 Prediction trees

Prediction trees are built by asking a sequence of questions that
recursively split the data, frequently into two branches, until a ter-
minal leaf is created that meets a stopping criterion (e.g. a minimum
leaf size). The small region bounding the data in the terminal leaf
node represents a specific subsample of the entire data with sim-
ilar properties. Within this leaf, a model is applied that provides
a fairly comprehensible prediction, especially in situations where

Figure 1. A simplified example of a binary prediction tree plotted radially.
The initial node is close to the centre of the figure. The splitting process
terminates when a stopping criterion is reached. Individual colours represent
the unique variable (e.g. fixed aperture g or r or magnitude colours) used
for the splitting at each node. Each leaf provides a specific prediction based
on the information contained within that terminal node (grey triangles in the
figure). The subpanel corresponds to zoomed in region from the tree.

many variables may exist that interact in a non-linear manner as
is often the case with photo-z estimation. A visualization of an
example tree generated by our technique is shown in Fig. 1.

There are two classes of prediction trees (Breiman et al. 1984):
classification and regression, both of which are implemented in
TPZ.

(i) Classification Trees (also called Decision Trees). As the name
suggests, this type of prediction tree is designed to classify or predict
a discrete category from the data. Each terminal leaf contains data
that belong to one or more classes. The prediction can be either a
point prediction based on the mode of the classes inside that leaf or
distributional by assigning probabilities for each category based on
their empirically estimated relative frequencies. For example, in our
photo-z technique we use the magnitudes or colours of galaxies to
determine the probability that a galaxy lies either inside or outside
a specific redshift bin (a detailed explanation of the algorithm is
presented in Section 2.4).
The tree is built by starting with a single node that encompasses
the entire data, and recursively splitting the data within a node into
two or more branches along the dimension that provides the most
information about the desired classes. Formally, this is done by
choosing the attribute that maximizes the Information Gain (IG),
which is defined in terms of the impurity degree index Id:

IG(T ,M) = Id(T ) −
!

m ϵ values(M)

|Tm|
|T |

Id(Tm), (1)

where T is the training data in a given node, M is one of the possible
dimensions (e.g. magnitudes) along which the node may be split,
m are the possible values of a specific dimension M (in the case
of magnitudes m might represent 2 or more magnitude bins), |T|
and |Tm| are, respectively, the size of the total training data and the
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Challenge contestants

• Phosphoros
• Lephare
• CPZ
• EAzY

• Frankenz
• Metaphor
• GPZ
• DNF
• aNNz
• GBRT
• RF
• Adaboost
• NNPZ

Template Fitting Machine Learning

Provided results per source :
• A redshift point estimate 
• A PDZ
• A USE flag



• Euclid selection :
• Photo-z 0.2<z<2.6
• Shear Flag =1
• USE = 1

•Metrics : 
• σNMAD
• Outlier rate

Results
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Point estimate statistics
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PDF metrics
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Spec-z

• Sources assigned to 
tomographic bin with point 
estimates
• PDF shifted with spec-z
• All PDFs stacked in a bin

Bin z

z



PDF metrics

• Sources assigned to 
tomographic bin with point 
estimates
• PDF shifted with spec-z
• All PDFs stacked in a bin
• Bias : difference between 

stacked PDZ mean and 0

BIAS
MEAN Z
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Bin z

z



PDF metrics

• F005 : fraction of the stacked 
PDF in 0.05(1+z) around the 
mode à scatter
• F015 : fraction of the stacked 

PDF in 0.15(1+z) around its 
mode à outlier fraction

MODE

F005 in ±0.05(1+zbin)

F015 in ±0.15(1+zbin)
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Bin z

z



Fraction plots
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Possible improvements
• Machine-learnings are struggling to 

provide sensible PDZ
• Most of machine-learning fail at high z 

or for the full photometric sample à
training sample not representative of 
the full photometric sample : 
• A good training sample require a 

complete coverage in redshift of the 
color-magnitude space (e.g. C3R2)

11

• TF methods struggle at low z à
templates do not disentangle the 
information  in the photometry :
• New templates
• New priors



Photo-z precision not enough
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Combining methods

<F005>corr <F015>corr

Metaphor 0.202 0.288

Phosphoros 0.322 0.513

Combination 0.344 0.537
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Combining methods

<F005>corr <F015>corr

Adaboost 0.277 0.462

Phosphoros 0.322 0.513

Combination 0.346 0.536



A  test of the relative  performance of photo-z methods
To improve the results : 

Machine-learning needs more training
Template-fitting need better templates and prior

Precision of photo-z is not enough, completeness is also important à a metric 
must take this in account to properly compare the code results 
Fusion of machine-learning and template-fitting results could be a solution to 
get the best answer

Further tests can be lead on actual cosmological survey (e.g. HSC-SSP)

Conclusions

15



Probability Integral Transform

PIT

G. Desprez et al.: Euclid OU-PHZ Data challenge 2

fall �all ⌘all #cut �cut ⌘cut fwht �wht ⌘wht #30bands �30bands ⌘30bands

Phosphoros 1.0 0.0656 15.84 10140 0.055 8.74 0.86 0.067 17.12 38649 0.069 16.53
LEPHARE 0.91 0.0427 8.08 10607 0.041 6.9 0.81 0.056 13.41 36842 0.055 11.7
CPZ 0.87 0.0655 15.64 8985 0.055 9.68 0.91 0.077 21.1 43258 0.08 20.01
METAPHOR 0.67 0.0366 2.76 7865 0.036 2.68 0.32 0.04 3.1 13830 0.04 2.67
FRANKENZ 0.78 0.042 8.78 8870 0.041 8.14 0.83 0.069 22.04 42808 0.07 19.1
GPZ 0.86 0.0685 9.26 10208 0.068 9.21 0.57 0.082 13.7 23207 0.082 13.71
aNNz 1.0 0.048 9.99 12012 0.048 10.1 1.13 0.091 26.12 52094 0.114 32.28
DNF 0.44 0.0414 5.85 5101 0.042 5.82 0.25 0.053 9.28 9694 0.052 8.5
GBRT 0.99 0.0575 9.17 11978 0.057 9.3 1.1 0.085 22.47 50980 0.081 19.14
RF 1.0 0.05 10.32 11955 0.05 10.46 1.12 0.095 27.29 51532 0.117 32.84
ADABOOST 1.0 0.0436 8.07 11973 0.043 8.03 1.09 0.069 19.23 50378 0.086 24.17
NNPZ 1.0 0.0614 12.14 11501 0.059 11.07 1.08 0.082 22.39 51047 0.081 19.89

Table 3. Results of all tested methods using point estimates metrics (number or fraction of sources, scatter and outlier fraction) in di↵erent cases:
photo-z compared to spec-z for the whole spectroscopic sample (fraction of sources used fall, �all and ⌘all) or the Euclid selection (number of
selected sources #cut, �cut and ⌘cut), photo-z compared to spec-z with a weighting scheme to match the distribution of the photometry (fraction of
sources compared to a spec-z selection between 0.2< zsp  2.6 fwht,�wht and ⌘wht) and photo-z compared to the L15 photo-z (f30bands,�30bands and
⌘30bands). In all the cases, only the sources flagged as to be used are considered to compute the statistics. For the weighted spectroscopic sample,
the weighted fraction can be > 1 because of the selection on spec-z and not on photo-z and show if the methods results are due to source ejections
from the considered redshift range or to injections.

redshift of the source. Then, all the shifted PDZ are stacked. For
a bin centered on a redshift z, the fraction of the stacked PDZ
enclosed in 0.05 ⇥ (1+z) is computed around the mode of the
stacked PDZ and is noted F005. F015 is the same with a range of
0.15 ⇥ (1+z) around the mode of the distribution. Those indi-
cators measure respectively the compactness of the distribution
and the extent of its wings, and can be compared to the scatter
and outlier fraction of the point estimates.

The Figure 4 shows the F005 and F015 fractions for all the
tested methods in photometric redshift bins of width 0.2, from
z=0.2 to z=2.6, as well as the number of sources per bin for
the spectroscopic sample. When looking at the distribution of
sources per bins, we see that the selective methods drop the high
redshift population. In terms of fraction, the F005 plot shows that
there is a distinction between template fitting results and the one
from machine learning. The TF methods present results that fol-
low the same trends but there seems to be two di↵erent kinds of
ML results. As the TF methods, one type of ML presents better
fraction for the redshift z<1.3, then see the fraction drop. For the
rest, the results show a bad stacked PDZ fraction along all the
redshifts bins. We can note that for the ML methods that present
good results, their results are better than the TF ones in the 3 first
redshift bins. After that, the TF approaches show better fraction
than the rest. We notice the same behaviour of the results for the
L15 sample in Fig. 5, at the exception of Metaphor which has
a better fraction than all the other methods until z⇠1.5 where its
selectivity drops all the sources. In Fig 5, the distinction between
the template fitting and the machine-learning methods is clearer
than with the spectroscopic sample.

The di↵erences in performances between the point estimate
metrics and the PDF one can be explained by the quality of the
PDZs. To check this quality, Probability Integral Transform plot
(PIT plot) are used. It consist on computing the cumulative prob-
ability at the reference redshift for all the sources :

CDFi(zi) =
Z

zi

0
PDFi(z)dz, (4)

and to look at the histogram of the result. Figure 6 presents
those for the tested methods. If the PDZ are representative of
the spec-z distribution, then the histograms should be flat. How-
ever, u-shaped PIT plot like the one of Phosphoros or CPZ show
that their PDZs are under-dispersed. On the other side, the PIT

plots of GPZ, aNNz or GBRT that present a bump indicates that
the PDZs must be over-dispersed. Biased PDZs produce PIT
plots with a slope, which is the cases of Lephare, Metaphor,
Frankenz or DNF that have a positive slop due to an mean under-
estimation of the redshift. There is also a combination of those
e↵ect producing PIT plot showing a bias and too narrow PDZs
like for Random forest, Adaboost and NNPZ.

The other indicator used to asses the quality of the PDZs is
the Continuous Ranked Probability Score (CRPS). It is defined
as :

CRPS i =

Z
zI

�1
CDFi(z)2

dz +

Z +1

zi

(CDFi(z) � 1)2
dz, (5)

and should be close to zero for a good PDZ. The mean and me-
dian CRPS provided in Table 4 give an indication about the qual-
ity of the method PDZs. For the spectroscopic sample we see that
the majority of the mean values are around 0.1 (see who to com-
pare with). The median is lower, and its separation to the mean
is greater when the mean value is pulled up by outliers with high
CRPS.

meansp mediansp meanph medianph

Phosphoros 0.099 0.051 0.173 0.083
Lephare 0.071 0.037 0.102 0.056
CPZ 0.103 0.049 0.194 0.091
Metaphor 0.046 0.031 0.048 0.034
Frankenz 0.084 0.036 0.148 0.072
GPZ 0.113 0.075 0.151 0.113
aNNz 0.103 0.047 0.257 0.124
DNF 0.101 0.07 0.104 0.072
GBRT 0.196 0.157 0.229 0.165
RF 0.11 0.049 0.295 0.117
Adaboost 0.092 0.043 0.233 0.092
NNPZ 0.107 0.055 0.157 0.081

Table 4. Spectroscopic and L15 samples mean and median CRPS for
the di↵erent algorithms in the Euclid selection.
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Probability Score
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CDF at the reference redshifts for all the sources i:

Ci ⌘ CDFi(zi) =
Z

zi

0
PDZi(z)dz, (6)

Figure 9 presents the histograms of Ci for the tested methods.
If the PDZs represent correctly the probability distributions the
histograms should be flat. Outlier sources that have their spec-
z’s outside of their PDZs have their CDF equal to 0 or to 1
and produce the peaks at the edge of most of the histograms
in Fig. 9. U-shaped PIT plots like those of Phosphoros or CPZ
show that their PDZs are under-dispersed. On the other hand,
the PIT plots of GPZ, aNNz or GBRT that present a bump indi-
cates that the PDZs are over-dispersed. Biased PDZs produce
PIT plots with a slope, like is Lephare, Metaphor, Frankenz
or DNF histograms. We see that no method produces a perfect
PIT plot.

The other indicator used to asses the quality of the PDZs
is the Continuous Ranked Probability Score (CRPS, Hersbach
2000; D’Isanto & Polsterer 2018). It is defined as :

CRPS i =

Z
zI

�1

CDFi(z)2
dz +

Z +1

zi

(CDFi(z) � 1)2
dz, (7)

and should be close to zero for a Dirac shaped PDZ at the true
redshift. The mean and median CRPS provided in Table 3 give an
indication about the overall quality of the PDZs for each meth-
ods. For the spectroscopic sample we see that the majority of the
mean values are around 0.1 with the exception of GBRT whose
mean CRPS is large by a factor 2. For wrong PDZs, the values
of the CRPS can be ⇠ 1.5 dex larger than the value of the mean
CRPS and a few of them can increase this value. The median
CRPS presented in the Table 3 is thus a better metrics to sum-
marise the quality of the majority of the PDZs (otherwise see the
full distribution of CRPS in Fig. D.1). Looking at the median
CRPS, we see that GPZ, GBRT and DNF have a higher CRPS than
the rest of the methods and thus provide generally less mean-
ingful PDZs. For the L15 sample, the mean CRPS increases by a
factor ⇠ 1.5�3 for all the methods at the exception of Metaphor
and DNF.

Table 3. Mean and median CRPS for the di↵erent algorithms in the
Euclid selection for the spectroscopic and the L15 samples.

meansp mediansp meanL15 medianL15

Phosphoros 0.099 0.051 0.173 0.083
Lephare 0.071 0.037 0.102 0.056
CPZ 0.103 0.049 0.194 0.091
EAzY 0.078 0.040 0.102 0.048
Metaphor 0.046 0.031 0.048 0.034
Frankenz 0.084 0.036 0.148 0.072
GPZ 0.113 0.075 0.151 0.113
aNNz 0.103 0.047 0.257 0.124
DNF 0.101 0.070 0.104 0.072
GBRT 0.196 0.157 0.229 0.165
RF 0.112 0.049 0.309 0.119
Adaboost 0.088 0.043 0.222 0.090
NNPZ 0.107 0.055 0.157 0.081

5. Discussion

We performed extensive tests of the performance of 13 photo-z
algorithms using several metrics. We see that some trends arises
in the results depending on the di↵erent metrics or depending on
the type of algorithm used.

5.1. Point estimates

Each method produces di↵erent results depending on the de-
sign of the code. Even template-fitting methods that are simi-
lar between themselves provide di↵erent results. For EAzY, the
templates fitted to the data are di↵erent from the other codes
as Phosphoros, Lephare and CPZ use the 31 COSMOS tem-
plates from Ilbert et al. (2013), explaining the di↵erence of re-
sults. However, Fig. 4 and Fig 5 show that Phosphoros and CPZ
have similar results but they are still di↵erent from the Lephare
one. This cannot be explained only by a di↵erence of code as
CPZ is running Lephare to get the photo-z’s. An explanation is
the di↵erence of the definition of the point estimate, where CPZ
and Phosphoros use the position of peak of the PDZ, Lephare
uses the median of the PDZ.

We see in Fig. 5 without any selection, the lowest � and ⌘ are
achieved by machine-learning algorithms (Adaboost and aNNz).
Allowing a selection can improve greatly the results as it appears
in Fig. 5, for example Metaphor sees its outlier fraction divided
by 5 and its scatter reduced by 1/4 by applying its selection. We
even see some correlation with the precision of the results as
the selective methods are in the bottom left corner of the plot.
However this comes with a trade-o↵with the completeness as the
most precise method (Metaphor) discards 1/3 of all the sources
and the second one (DNF) rejects half of them.

A spread of the range of results in function of the considered
sample is also observable in Fig. 5. When weighting the results
using Lima et al. (2008) scheme or using the L15 sample, we
see that most of the machine-learning results worsen greatly of
they do not apply strong selection. When a selection is applied,
then only a small fraction of the sources are considered, lead-
ing to fraction weighted results to be far from the unweighted
ones. This is due to the training of machine learning methods on
the spectroscopic sample. Such a training is not adapted to make
proper prediction on the photometric sample. Thus we see that
NNPZ or GBRT that have been trained on L15 data su↵er less from
theLima et al. (2008) weighting than most of the other methods.
Considering the L15 sample, we also see that template-fitting
methods become the most precise methods at the exception of
the very selective Metaphor. With Fig.6, we understand that
the very selective methods tend to reject most of the sources
above redshift z = 1. It leads to select the range where there is
a proper coverage of the color-flux space with redshift, mean-
ing the regime where machine-learning is more e�cient than
the template fitting. However, this kind of selection is problem-
atic for the scientific goals requiring sources with z > 1. Even
the well observed COSMOS field does not have enough spec-
troscopic information to train properly those machine-learning
methods to reach these goals.

5.2. PDZs

PIT plot and CRPS are standard and classic probes used to as-
sess the quality of PDZ (e.g. in Tanaka et al. 2018; Pasquet et al.
2019). Figure 9 and Table 3 allow us to see that machine learn-
ing approaches do not seem able to provide sensible PDZ, un-
less some specific e↵ort is carried out in that prospect, like for
Metaphor. As mentioned in the previous section ( 5.1), this is
the consequence of the design of machine-learning being trained
to link features to a specific value.

We can note some di↵erences between our stacked PDZs
metrics and the PIT and CRPS results. Template-fitting meth-
ods have similar results than the machine learning ones when
looking at PIT and CRPS, but template-fitting provide higher
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