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aspects of reproducibility Waldron etal 2014

Model	 Reproducibility†	
Model	
Provided	

Training	Data	
Available	

Validation	Data	
Available	

Verified	
Implementation	

TCGA11	[12]	 YES	 YES	 YES	 YES	
Denkert09	[13]	 YES	 YES	 YES	 YES	
Bonome08_263genes	[14]	 YES	 YES	 YES	 YES	
Bonome08_572genes	[14]	 YES	 YES	 YES	 YES	
Mok09	[15]	 NO	 YES	 YES	 PARTIALLY	
Yoshihara12	[16]		 YES	 -	 YES	 YES	
Yoshihara10	[17]	 YES	 -	 YES	 YES	
Bentink12	[18]		 YES	 -	 YES	 YES	
Kang12	[19]	 YES	 YES	 YES	 PARTIALLY	
Crijns09	[20]	 NO	 YES	 NO	 NO	
Kernagis12	[21]		 PARTIALLY	 YES	 YES	 PARTIALLY	
Sabatier11	[22]	 PARTIALLY	 NO	 NO	 NO	
Konstantinopoulos10	[23]	 YES	 -	 YES	 PARTIALLY	
Hernandez10	[24]	 PARTIALLY	 -	 YES	 PARTIALLY	
	 	 	 	 	

	 Compare to Ioannidis 08: "We reproduced two analyses in principle and six partially or with some discrepancies;

ten could not be reproduced."



meta-analysis validation matrix Waldron etal JNCI 2014

Hernandez10

Konstantinopoulos10

Kang12

Denkert09

Sabatier11

Bonome08_572genes

Mok09

Bonome08_263genes

Bentink12

Crijns09

Kernagis12

Yoshihara10

Yoshihara12

TCGA11

0.68 0.55 1.07 0.71 0.86 1.21 0.79 1.04 0.9 1.03
1.34 1.01 0.82 1.07 2.05 1.07 1 1.15 0.97 1.09
2.14 1.19 0.81 0.85 1.21 1.46 1.17 1.55 1.02 0.73
2.6 0.76 1.33 1.31 2.25 1.04 1.29 1.08 1.15 0.79

1.95 1.15 1.17 1.41 1.72 1.07 1.19 1.11 1.3 0.73
0.8 1.89 1.1 1.41 2.29 2.27 1.47 1.07 1.35 0.84

1.54 1.82 3.18 1.71 0.89 1.58 1.28 0.98 0.95 1.39
1.3 2.73 2 1.32 0.53 2.01 1.45 1.17 1.03 0.77

1.94 1.01 1.89 1.44 1.2 1.14 1.62 1.16 1.26 1.45
1.22 1.92 1.49 1.51 1.2 1.44 1.28 1.1 3.04 1.21
2.65 1.39 2.91 2.08 1.45 1.39 1.25 1.23 1.32 0.87
2.69 1.38 1.15 1.93 1.45 1.57 1.47 1.33 0.7 7.27
2.44 9.65 1.21 1.8 1.02 1.77 1.97 1.21 1.35 1.42
2.05 2.28 1.58 1.85 1.36 1.64 1.97 1.94 1.07 1.53

1.81 1.47 1.43 1.41 1.39 1.37 1.35 1.14 1.11 1.04
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synthesis of validation matrix
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Bentink12

Crijns09
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TCGA11

0.68 0.55 1.07 0.71 0.86 1.21 0.79 1.04 0.9 1.03
1.34 1.01 0.82 1.07 2.05 1.07 1 1.15 0.97 1.09
2.14 1.19 0.81 0.85 1.21 1.46 1.17 1.55 1.02 0.73
2.6 0.76 1.33 1.31 2.25 1.04 1.29 1.08 1.15 0.79

1.95 1.15 1.17 1.41 1.72 1.07 1.19 1.11 1.3 0.73
0.8 1.89 1.1 1.41 2.29 2.27 1.47 1.07 1.35 0.84

1.54 1.82 3.18 1.71 0.89 1.58 1.28 0.98 0.95 1.39
1.3 2.73 2 1.32 0.53 2.01 1.45 1.17 1.03 0.77

1.94 1.01 1.89 1.44 1.2 1.14 1.62 1.16 1.26 1.45
1.22 1.92 1.49 1.51 1.2 1.44 1.28 1.1 3.04 1.21
2.65 1.39 2.91 2.08 1.45 1.39 1.25 1.23 1.32 0.87
2.69 1.38 1.15 1.93 1.45 1.57 1.47 1.33 0.7 7.27
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determinants of CV/CSV gap Zhang etal Biostatistics 2018
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CV and CSV rank methods differenly Bernau etal 2014

Cross-study validation

Figure 2 shows the distributions of CSV and CV (top panel).
The resulting ranking in the 1000 simulated datasets is displayed in
the bottom panel, where the rank of method k (according to CSV k

resp. CV k) is 1 if CSV k resp. CV k is the largest of the K values
obtained for methods 1, . . . , K, and so on. One can immediately
observe differences in terms of absolute level and variance in the
distributions of CSV and CV as well as in the distributions of the
resulting rankings. As far as the absolute level of the performance
estimates is concerned, CV estimates average C-Indices around 0.8
whereas the average C-Indices drop to 0.55 in the case of CSV . CV
performance estimates are also noticeably less variable than CSV
estimates, thus implying a clearer algorithm ranking. Whether this
resoluteness is really justified will be analyzed in greater detail when
we focus on the local ranking.

Distribution of CSV and CV concordance estimates
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Fig. 2. Distribution of C-index estimates (top panel) and estimated ranks
(bottom panel) for CSV k and CV k on simulated data for the K = 6

considered learning algorithms. Each boxplot represents 1000 datapoints
corresponding to the 1000 simulated datasets.

Furthermore, Figure 2 suggests that learning algorithms do not
necessarily receive the same rank with CSV and CV : for example,
CoxBoost most often ranks 5th based on CSV but constantly 2nd
based on CV . To determine which procedure (whether CV or
CSV ) is closer to the truth, we consider Table 2 that gives the
true global ranking and C-index for all K = 6 algorithms based
on the distributions of CSV and CV using the simple average (left)
and the 3rd quartile (right), as approximated through computation
in the 1000 simulated datasets. It can be seen from this table that
the performance differences between the algorithms are relatively
small. However, both the simple average and the 3rd quartile suggest
that Ridge Regression performs best in our simulation study. This
good performance of Ridge Regression is well recovered by CV
that ranks this algorithm first in all simulated iterations (see Figure
2). In contrast, CSV better recovers the true rank (5th) of CoxBoost,
with a median rank of 5 over the 1000 simulated datasets, i.e. larger
than the rank 2 consistently found by CV in all 1000 datasets.

The local rankings of the algorithms as defined based on Sk
across

or Sk
self in Section 3.5 of algorithms differ in many of the 1000 sets

of studies from the global true ranking (see Web Appendix A). A
natural question is how well CV k and CSV k can recover these
rankings. The boxplots in Figure 3 display Kendall’s correlation
between local ranking according to Sk

across (left panel) and Sk
self

(middle panel) and the ranking found by CV k (white boxes) and
CSV k (grey boxes). For comparison the same boxplots are shown
for the global ranking based on the matrix Z (simple average). Each
datapoint in the boxplots corresponds to one of the 1000 simulated
datasets.

It can be seen from Figure 3 that both local rankings (across and
self) can be reasonably well recovered by CSV (with a Kendall
correlation around 0.5 or more) whereas CV only features good
correlation to the ranking defined by Sself (median=0.6) but poor
correlation to the ranking defined by Sacross (median=0.1) and to
the global ranking.

The smaller variance of CV for Sself can be considered as
an advantage. However, one might also have expected CV to
show an even stronger average correlation to the ranking by Sself

because, similarly to CV , Sself is defined in terms of within-study
validation. One could have expected that CV outperforms CSV here
equally clearly as CSV outperformed CV in the case of the ranking
by Sacross. However, it is not the case in our simulations.

Finally, CSV features a considerably higher correlation to the
global true ranking, even though there exist some rare values far
below 0 which have not been observed with CV . These correlations
to the global true ranking can even be improved for CSV if the third
quartile is used as ranking criterion instead of the simple average
(data not shown, see Web Supplement B). For CV , however,
correlations to the global ranking decline to almost zero in this case.

Algorithm Rank C-Index
Glmnetlasso 6 0.5462
Glmnetridge 1 0.5635
Plusminus 2 0.5619
Unicox 4 0.5543
Superpc 3 0.5561
CoxBoost 5 0.5501

Algorithm Rank C-Index
Glmnetlasso 6 0.5967
Glmnetridge 2 0.6325
Plusminus 1 0.6352
Unicox 4 0.6220
Superpc 3 0.6247
CoxBoost 5 0.6035

Table 2. True global ranking as defined by average performance (left table)
and the third quartile respectively (right table). The performances of the
K = 6 algorithms are relatively similar. Except for the order of the two
top algorithms, Glmnetridge and Plusminus, the global ranking is the same
for both criteria.

4.2 Application to breast cancer prognostic modelling
In this section we apply CV and CSV to the I = 8 breast
cancer studies described in Section 2. Generally, the results strongly
resemble the results obtained on simulated data. The top panel in
Figure 4 illustrates the distributions of CSV and CV for each of
the K = 6 algorithms. Except for the distinctly higher interquartile
ranges of the boxes, one can observe the same patterns as in Figure
2. Note that in these boxplots an observation represents a single
entry of the Z-matrix whereas Figure 2 representing the simulation
result displays the iterationwise averages of the Z-matrix. This

5

Attention to replicability
requires rethinking existing machine learning principles.



Multi-Study Machine Learning via Ensembles Patil & Parmigiani PNAS
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lessons

1 Variability across studies is unavoidable; some of this
variability genuinely contributes scientific insight.

2 To make progress in replicability, it is important to:
Work harder at educating the scientific community about
how much cross-study variation to expect
Work harder at generating curated comprehensive data
collections
Think harder about existing machine learning and
prediction principles.
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DoppelgangR Waldron/Riester etal 2016
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using c-stat instead



sensitivity analysis
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do predictors rank patients similarly?



selection bias in choice of validation study?



signatures and integrative association Zhong etal 2007
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signatures



the Z matrix Trippa etal 2014
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multi-study comparison of classification algorithms Bernau etal 2014
Bernau et al

No. Name Adjuvant # patients # ER+ 3Q survival Median follow-up Original Reference
therapy [mo.] [mo.] identifiers ‡

1 CAL chemo, hormonal 118 75 42 82 CAL Chin et al. (2006)
2 MNZ none 200 162 120 94 MAINZ Schmidt et al. (2008)
3 MSK combination 99 57 76 82 MSK Minn et al. (2005)
4 ST1 hormonal 512⇤ 507⇤ 114 106 MDA5, TAM, VDX3 Foekens et al. (2006)
5 ST2 hormonal 517 325 126 121 EXPO, TAM Symmans et al. (2010)
6 TRB none 198 134 143 171 TRANSBIG Desmedt et al. (2007)
7 UNT none 133 86 151 105 UNT Sotiriou et al. (2006)
8 VDX none 344 209 44 107 VDX Minn et al. (2007)

Table 1. Public microarray datasets of breast cancer patients as curated and summarized by Haibe-Kains et al. (2012). Datasets are referred to using the
following acronyms: CAL = University of California, San Francisco and the California Pacific Medical Center (United States), MNZ = Mainz hospital
(Germany). MSK = Memorial Sloan-Kettering (United States), ST1, ST2 are meta-datasets as provided by Haibe-Kains et al. (2012), therein named
SUPERTAM1 and SUPERTAM2. TRB = dataset collected by the TransBIG consortium (Europe), UNT = cohort of untreated patients from the Oxford
Radcliffe (United Kingdom), VDX = Veridex (the Netherlands). # ER+ refers to the number of patients with the Estrogen Receptor positive subtype. 3Q
survival provides the Kaplan-Meier estimate of 75% survival probability for each cohort. Median follow-up is calculated from the reverse Kaplan-Meier
estimate. ⇤Numbers shown are after removal of samples duplicated in the dataset VDX. ‡ Dataset identifier(s) as specified in Haibe-Kains et al. (2012).
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(b) simulated data
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(c) simulated data
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Fig. 1: Cross-study validation matrices Zk in simulated and experimental data for Ridge Regression. Panel (a) displays C-indices for training
and validation on each pair of actual datasets in Table 1. The diagonal of this matrix shows estimates obtained through 4-fold CV. The
heatmap in panel (b) displays, for each pair of studies (i, j), the average C-index obtained when ridge regression is fit on simulated datasets
generated by resampling gene expression data from the i-th study in Table 1 by non-parametric bootstrap and simulating censored survival
outcome by parametric bootstrap; the resulting model is validated on a simulated dataset generated by resampling study j. Two independent
datasets from the same study are sampled for the diagonal elements. Both heatmaps strongly resemble each other, indicating a realistic
simulation scenario. CAL and MSK are outlier studies: cross-study C-index is approximately 0.5 when they are used either for training
or validation. All values of the Z-matrix corresponding to these two studies build the blue “bad performance” cluster in panel (c) which
compares the C-indices obtained for study pairs (i, j), i 6= j, on simulated data (y-axis) and experimental data (x-axis). Pearson correlation
is ⇡ 0.9. The three plots illustrate high similarity between simulated and real data in our application.

the assumption that the unknown models underlying training an
validation datasets coincide. This can be quantified with

Sk
across = (1/(I(I � 1))) ·

X

i

X

j 6=i

ccor
⇣
Xi�i,Xi

b�(k)
j

⌘
, (3)

where the index across emphasizes the focus on cross-study
similarity, i.e. on the ability of algorithm k to recover the coefficients
�i when fitted on dataset j, with j 6= i. Instead of taking simple

averages in Eqs. (2-3), one could also use different summaries, e.g.
median or quantiles, as presented in Section 2.4.

Both Sk
self and Sk

across are criteria to assess and compare learning
algorithms. The ranking obtained by ordering the algorithms
according to their value of Sself (Sacross) are denoted by Rself

(Racross). Note, however, that Sk
self and Sk

across are by definition
specific to the considered collection of studies and datasets: they
involve the vectors �i and the matrices Xi (i = 1, . . . , I). We will

4

Bernau et al
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Fig. 1. Comparison of C-Indices in cross-study validation on real (left panel) and simulated data (middle panel) for Ridge Regression. For CAL and MSK,
cross-study performance is approximately 0.5 regardless of their using for training (rows of the Z-matrix) or validation (columns of the Z-matrix), although
NCV (main diagonal in the left panel) as wells as independent validation on simulated data (main diagonal in the middle panel) suggest good within-study
prediction. All values of the Z-matrix corresponding to these two models build the red ’bad performance’ cluster in the scatter plot in the right panel.
Additionally, this scatter plot illustrates the high correlation between the performance in cross-study prediction on real and simulated data.

Additionally to the expected similarity of these two panels, Figure 1 also
suggests that studies can be categorized into two main groups.

The first group includes studies in cite x, cite y,cite z, cite w, and seems
to produce more accurate prediction models than the remaining studies.
The datasets in this group seem also associated with higher values of
the concordance index when used for validation. The outlined difference
between the two groups is also illustrated in Figure 1 (right panel).

This graph plots all the concordance indicess that are not on the main
diagonal of the left panel in Figure 1 against the corresponding values in the
right panel. In this scatter-plot the points that correspond to combinations
of training and validation datests from the cluster of best performing studies
suggested by Figure 1 (left and middle panel) are displayed in orange.

4 RESULTS
4.1 Simulated Data
In the simulation study, we have sampled eight data sets in each
of the 1000 iterations. In each iteration, cross study validation as
well as nested cross validation –the current standard method for
model assessment and ranking of algorithms (compare to Varma and
Simon, 2006 and van Wieringen et al., 2009) were performed for
each data set. Based on these data, we computed the two following
performance estimates:

• based on cross-study validation, i.e. the average of the off-

diagonal elements in the Z-matrix: CSVk =
P

i

P
j 6=i Zk

i,j

I(I�1)

• based on nested cross validation on each data set which can
be considered the average of the main diagonal elements in the

Z-matrix: NCVk =
P

i Zk
i,i

I

Both performance criteria directly induce a ranking of the
algorithms k(1) � . . . � k(K) by sorting the corresponding
values of CSV k(1)

� . . . � CSV k(K)
or NCV k(1)

� . . . �
NCV k(K)

. The following Figure 2 shows the distributions of
CSV and NCV (top panel) as well as their resulting ranking
in the 1000 iterations of the simulation (bottom panel). One

can immediately detect differences in terms of absolute level and
variance in the distributions of CSV and NCV as well as in the
distributions of the resulting rankings. NCV performance estimates
are distintcly higher and less variable which translates into more
resolute algorithm ranking. Whether this resoluteness is really
justified will be analyzed in greater detail when we focus on the
local ranking.

Although the differences in global performance are rather small
(compare to Table 2) the distributions of CSV and NCV both
suggest that Ridge Regression mostly performs best. In the case of
NCV this algorithm even ranks first in all simulated iterations. The
most obvious difference in the ranking distributions can be observed
with CoxBoost which mostly ranks fifth in CSV but consistently
second in NCV .

As far as the absolute performance estimates are concerned,
NCV estimates average C-Indices around 0.8 whereas the average
C-Indices drop to 0.55 in the case of CSV .

The true ranking of algorithms differed in many individual sets
of studies (as simulated in each iteration of our simulation) from
the global true ranking (see Web Appendix A). As can be seen
from Figure 3 these changes in the local rankings can be well
detected by CSV whereby NCV only features good correlation
to ⇢self . For these boxplots, we have computed Kendall rank
correlation coefficients between CSV based ranking and the three
different true rankings as defined by ⇢across, ⇢self and the global
performance in each iteration of the simulation separately (see
Table 2). The empirical distributions of these correlations are
represented by the red boxplots whereas the blue ones illustrate
the corresponding distributions of the correlations between the
true rankings and NCV . The correlation to ⇢across is distinctly
higher for CSV . For NCV , its median amounts to 0.1 which
indicates a weak correlation. In the case of ⇢self , we can observe
moderate Kendall correlations around 0.5. Although one might
consider NCV superior due to its smaller variance in this case, one
could have expected NCV to have a stronger correlation to ⇢self

because –parallel to NCV – ⇢self is defined purely by within study

4
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Fig. 1. Comparison of C-Indices in cross-study validation on real (left panel) and simulated data (middle panel) for Ridge Regression. For CAL and MSK,
cross-study performance is approximately 0.5 regardless of their using for training (rows of the Z-matrix) or validation (columns of the Z-matrix), although CV
(main diagonal in the left panel) as wells as independent validation on simulated data (main diagonal in the middle panel) suggest good within-study prediction.
All values of the Z-matrix corresponding to these two models build the red ’bad performance’ cluster in the scatter plot in the right panel. Additionally, this
scatter plot illustrates the high correlation between the performance in cross-study prediction on real and simulated data.

alternative rankings described in Section 3.5. More precisely, for each of the
1000 simulated datasets and learning algorithm k, we compute the average

CSV k =

P
i

P
j 6=i Zk

i,j

I(I�1)
of the off-diagonal elements of matrix Zk and the

average CV k =

P
i Zk

i,i

I
of the diagonal elements. Note that we could also

use the Median & Quantiles approach here (data not shown).
As an illustration, for each pair of studies the second panel of Figure

1 displays the average C-index obtained when ridge regression is fit on
a dataset simulated from a study and applied to a dataset simulated from
the other study (with the diagonal containing the mean C-indices obtained
through 4-fold CV, following our convention). It can immediately be seen
both from the left (real data) and middle panel (simulated data) of Figure
1 that CV tends to yield substantially better accuracy estimates (i.e. higher
C-indices) than CSV.

The similarity between the two panels is striking, in particular with
respect to the clear separation of the eight studies into two groups. The
first group includes studies in MNZ, SP1, SP2, TRP, UNT and VDX,
and seems to produce more accurate prediction models than the remaining
studies. The datasets in this group seem also associated with higher values
of the concordance index when used for validation. The outlined difference
between the two groups is also illustrated in the right panel of Figure 1
that displays the non-diagonal entries of the matrices represented in the left
and middle panels (i.e. the C-index) in simulated data vs. real data. This
scatterplot shows a clear two-cluster structure.

3.5 Evaluation criterion in simulations
Next to the true global ranking discussed above, another criterion that can be
used in simulations to assess and rank learning algorithms is their ability
to recover the true underlying model (denoted as M i

true here). In this
section we address this issue by defining a criterion that reflects the similarity
between the true regression coefficients �i that were used to simulate
datasets from study i and the coefficients �̂

(k)
j fitted by the considered

learning algorithm k, based on a dataset simulated either from study i itself
(i = j) or from another study (i 6= j).

The standard way to assess similarity between vectors is to compute, say,
the euclidean distance between them. However, since our focus is on the
resulting linear predictors rather than on the vectors of regression coefficients
themselves, we consider the alternative criterion ccor(Xi�i,Xi�̂

(k)
j ) to

assess the similarity between the true coefficients �i and fitted regression

coefficients �̂(k)
j , whereby Xi is the original matrix of predictors of dataset

i and ccor denotes empirical correlation. Building the average

Sk
self = (1/I) ·

X

i

ccor
⇣
Xi�i,Xi

b�(k)
i

⌘
, (1)

over the I studies, we obtain a measure of the ability of learning algorithm
k to recover the true model in terms of the linear predictor when fitted on a
dataset drawn from this same model, hence the index self.

Another criterion of interest in practice is the ability of a learning
algorithm to recover the vector of regression coefficients �i when fitted on
a dataset drawn from a different study. This can be quantified as

Sk
across = (1/(I(I � 1))) ·

X

i

X

j 6=i

ccor
⇣
Xi�i,Xi

b�(k)
j

⌘
, (2)

where the index across means that (in contrast to Sk
self ) the focus is now

on cross-study similarity, i.e. on the ability of algorithm k to recover the
coefficients �i when fitted on a dataset simulated from another study j (with
j 6= i). Instead of taking simple averages in Eqs. (1-2), one could also use
the different summaries, e.g. median or quantiles presented in Section 3.2.

No matter whether the I resp. I(I � 1)/2 studies are summarized as
averages or quantiles, Sk

self and Sk
across yield sensible criteria to assess

whether —roughly speaking—learning algorithm k can recover the true
model: the closer Sk

self (resp. Sk
across) to 1, the better the algorithm. Note,

however, that Sk
self and Sk

across are by definition specific to the considered
studies and datasets, since involving vector �i and the matrix of predictors
Xi (i = 1, . . . , I). Hence, the corresponding ranking can be seen as “local”
or, in other words, specific to the collection of datasets at hand.

For a given collection of datasets, the CV and CSV procedures considered
in the present paper can be evaluated with respect to their ability to recover
the ranking yielded by Sk

self resp. Sk
across as measured by the Kendall

correlation coefficient mentioned above.

4 RESULTS
4.1 Simulated Data
Before we present the results of our simulation study we want to
emphasize again that our focus is on the differences between the
rankings and performance estimates as obtained by CV and CSV
respectively.

4
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Fig. 3. Distribution of Kendall’s correlation between the algorithm rankings
as defined by the performance criteria CSV (white) and CV (grey) to the
rankings defined by Sacross (left), Sself (middle) and the global ranking
(right). The correlations are computed in each of the 1000 iterations of
the simulation study. CSV achieves high correlations to all three rankings
whereas CV features good correlation only to the local ranking as defined
by Sself .

explains the higher variance obsverved in Figure 4. Besides, we
observe on Figure 4 that:

• Performance estimates are much more variable for CSV than
for CV .

• On average, CV estimates are approximately by 0.2 higher
than CSV estimates on the C-Index scale.

• These differences in variability and absolute value also
translate into clear differences in the estimated ranking of the
algorithms: while all algorithms show similar performance
according to CSV , more noticeable differences are observed
according to CV .

• Although the performance differences are small with CSV , it
can be seen that Plusminus and Glmnetridge seem to perform
best whereas Superpc and Unicox obtain an intermediate
position and CoxBoost and Glmnetlasso are bottom-placed.

• CV sees Glmnetridge as the clear winner and estimates a better
performance for CoxBoost than CSV does.

• Due to the presence of outlier studies first quartiles are around
0.5 for CSV which is smaller than the minimum of all CV
estimates. fixme: these outlier studies need to be discussed
somewhere - do we have any explanation for them?

• Not a single CV estimate suggests a really poor concordance
clearly below 0.6.

The latter observation suggests that CV is probably not a suitable
method for the detection of outlier studies, since it estimates
relatively good prediction performance in all studies. A more

CSV vs. CV
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Fig. 4. Distribution of CSV and CV for the six considered algorithms
(upper panel) in the I = 8 real data sets. Apart from the larger variance (an
observation is based on a single entry of the Z-matrix whereas it corresponds
to an average over 1000 simulation iterations in Figure 2), the distributions
are very similar to those obtained in the simulation study. Again, CoxBoost
performs distinctly better in CV than in CSV . The lower panel illustrates
the relation between CV estimates and CSV estimates averaged over all
data sets where the considered study has been used for either training (black)
or validation (grey). The numbers refer to the study number given in Table
1. The illustration corresponds to results for the learning algorithm Ridge
Regression . The correlations vary over the algorithms but most of them are
small.

detailed analysis of the correlation between CSV and CV shows
that cross-study prediction and within-study prediction are indeed
less related than one might expect. In the lower panel of Figure 4,
study specific values for CSV are plotted against CV for the
learning algorithm Ridge Regression as an example. For each study
we have a single value for CV but two values for CSV depending
whether we average the Z-matrix column-wise (identical validation
study) or row-wise (identical training study). The correlations vary
over the algorithms but the values of the adjusted R2 are almost all
low, in some cases even negative. No algorithm yields noticeably
smaller CV estimates for the two outlier studies CAL (1) and MSK
(3). In CSV , however, these two studies always form a separate
cluster with poorer performance. From this point of view, cross-
study and within-study prediction can be considered as two different
types of problems with different characteristics.

4.3 CV performance is not necessarily indicative of
cross-study performance

This leads to the question whether some algorithms might be
considered as specialist algorithms according to the definition given
in the introduction. The fact that the ranks of Glmnetridge and
CoxBoost are distinctly better for CV than for CSV suggests that
these two algorithms strongly adapt to the specific properties of
an individual data set. This problem can be analyzed in greater
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