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Abstract

Citation Prediction, estimating whether paper
a cites paper b, is particularly interesting in a
forecasting setting where the model is trained
on papers published before time t, and evalu-
ated on papers published after t + h, where
h is the forecast horizon. Performance im-
proves with t (larger training sets) and degrades
with h (longer forecast horizons). The trade-
off between edge-based methods and node-
based methods depends on t. Because edges
grow faster than nodes, larger training sets fa-
vor edge-based methods. We introduce a new
forecast-based Citation Prediction benchmark
of 3 million papers to quantify these trends.
Our benchmark shows that desirable policies
for combining edge- and node-based methods
depend on h and t. We release our benchmark,
evaluation scripts, and embeddings.

1 Introduction

Citation Prediction is the task of predicting whether
a given paper cites a target paper (Färber and Ja-
towt, 2020). Imagine the scenario where an au-
thor is writing a paper and is open to suggestions
about what to cite. Consider a recommender sys-
tem which will suggest papers in Semantic Scholar
(S2)1 (Ammar et al., 2018), a collection of 200 mil-
lion academic papers from many fields.2 Recom-
mendations can be based on whatever is available in
the input draft, including both text and references.

In order to make progress toward this ambitious
goal, we introduce a new Citation Prediction task
with an emphasis on the time dimension, and eval-
uate both a node-based model and an edge-based
model on this task. The node-based model focuses

1https://www.semanticscholar.org/product/api
2Medicine (45M), Chemistry (13M), Computer Science

(13M), Biology (13M), Materials Science (10M), Engineering
(8M), Physics (7M), Psychology (7M), Mathematics (5M),
Political Science (4M), Business (4M), Sociology (3M), Ge-
ography (3M), Economics (3M), Environmental Science (3M),
Geology (3M), History (2M), Art (2M), Philosophy (1M).
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Figure 1: Random Splits (top) vs Proposed Causal Split (bot-
tom) for Table 1. Train split in green, test in blue. The bottom
plot with the train-test cut-off in 2010 gives a temporally con-
sistent split.

Table 1: 1 cites 2, 2 cites 3,..., 5 cites 6

Paper Year Title
1 2018 [...] Photograment imaging
2 2016 Convenient probe of S(1D2)[...]
3 2005 Megapixel ion imaging [...]
4 2003 Direct current slide imaging [...]
5 1995 profiles of CI(2Pj) photoframents [...]
6 1988 Adiabatic dissociation of [...]

on titles and abstracts, and the edge-based model
focuses on citations.

These models have not been previously com-
pared with one another on graphs of different
sizes, especially in a forecasting scenario. Stan-
dard benchmarks such as Open Graph Benchmark
(OGB)3 (Hu et al., 2020, 2021) and SciRepEval
(Singh et al., 2022b) evaluate models such as Graph
Neural Networks (GNNs)4 (Scarselli et al., 2009;
Zhou et al., 2018; Wu et al., 2019) and Specter
(Cohan et al., 2020) on various academic document
modelling tasks including citation prediction.

Unfortunately, most benchmarks are too small to
see the region where edge-based methods overtake
node-based methods. We expect citations (edges)

3https://ogb.stanford.edu/docs/lsc/
4https://web.stanford.edu/class/cs224w/
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Figure 2: The literature doubles every nine years. Observa-
tions are denoted by circles and predictions by red lines.

to outperform text (nodes) when the graph is large
enough because of network effects.

These scaling and forecasting issues are impor-
tant for citation tasks because the literature is grow-
ing exponentially, doubling every 9 years5 (Wade,
2022; Kinney et al., 2023). This growth rate is
shown in Figure 2 for a collection of more than 200
million papers in Semantic Scholar (S2).

The scaling properties mentioned above are
somewhat similar to Metcalfe’s Law (Metcalfe,
2013). Metcalfe’s Law applies when benefits scale
with edges (n2) and costs scale with vertices (n). In
a telephone network, costs scale with subscribers
(n), and benefits scale with connections between
subscribers (n2). These network effects are often
cited6 for the success of businesses such as tele-
phones (AT&T), web search (Google) and social
media (Facebook).

Our contributions are as follows:

1. A new benchmark for citation prediction em-
phasizing scale and forecasting.

2. Empirical demonstration that larger graphs
favor edge-based methods.

3. Empirical evidence that performance im-
proves with t (larger training sets) and de-
grades with h (forecasting horizon).

5https://blogs.nature.com/news/2014/05/
global-scientific-output-doubles-every-nine-years.
html

6https://en.wikipedia.org/wiki/Metcalfe%27s_
law

4. We release the TimeCite benchmark, evalua-
tion code and embeddings.7

Following the demonstration of the effective-
ness edge-based methods in this paper, we im-
plemented such a recommendation system over
Semantic Scholar. It is available at https://
recommendpapers.xyz.

2 Related Work

There is a huge body of work on recommender sys-
tems (Resnick and Varian, 1997). The literature on
citations is not as large, though still considerable:

• Early work: (Strohman et al., 2007; Bethard
and Jurafsky, 2010; He et al., 2011; Caragea
et al., 2013; Sugiyama and Kan, 2013)

• Benchmarks: OGB, SciRepEval and others
(Roy, 2017)

• Evaluations on benchmarks: (Cohan et al.,
2020; Singh et al., 2022a; Hu et al., 2021)

• Training models on benchmarks: (Yasunaga
et al., 2022; Ostendorff et al., 2022)

• Survey papers: (Färber and Jatowt, 2020; Ali
et al., 2020; Ma et al., 2020; Pillai and Deepthi,
2022; Liang and Lee, 2023)

There are a number of use cases that are related
to citation prediction:

1. For authors: what should I cite?
2. For readers: what should I read? (Beel et al.,

2015; Steinert, 2017)
3. For conference organizers: who should review

what? (Dumais and Nielsen, 1992; Yarowsky
and Florian, 1999; Mimno and McCallum,
2007; Zhang et al., 2023)

4. Finding experts (Yimam-Seid and Kobsa,
2003; Maybury, 2006; Tu et al., 2010): “Who
knows” (Streeter and Lochbaum, 1988)

3 Methodology

3.1 Forecasting Citation Prediction

The Citation Prediction Task is simple: predict-
ing whether paper vk and vl cite one another i.e.
(vk, vl) ∈ E. We define the distance d(vk, vl) as
the length of the shortest path between vertices
vk and vl in the citation graph. To make the task
harder, we sample relatively challenging negatives,

7https://github.com/petervickers/TimeCite
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Figure 3: There are many missing values. Many papers have
abstracts (99M) and many have links in the citation graph
(111M), but only 65M (31%) have both.

where vk and vl are 2-4 hops from one another, i.e.,
2 ≤ d(vk, vl) ≤ 4.

Given the full Semantic Scholar citation graph
G, we begin by taking random walks of up to 11
hops. These walks are then filtered with BFS to
retain only those walks where 1 ≤ d(vk, vl) ≤ 4.
Verified walks are added to our evaluation dataset,
structured as: < vk, vl, d(vk, vl), bin >, where vk
and vl are two papers in a verified walk, and bin is
max(bin(vk), bin(vl)), the bin of the more recent
of the two papers. Binning is discussed in more
detail in the next section.

3.2 Graph Partitioning

We construct a citation graph, G, based on data
from S2. S2 maintains a dataset of around 200
million academic documents dating from 1684 CE
up to the current time. Each entry has a primary
document id. Document ids are often associated
with a title, abstract and citations, though these
values can be missing (and incorrect). Figure 3
shows that many papers have abstracts, A, and
many papers have links in the citation graph, L, but
relatively few have both. By construction, random
walks are based on L and therefore, the proposed
benchmark is a subset of L (papers with links).

To build a causal forecasting task we require a
view of the graph which respects the time-dynamics
of academic literature (Kuhn, 1962; Hall et al.,
2008). To do this, we split the citation graph evolu-
tion into 100 chronological sub-graphs.

First, we construct a citation graph G = (V,E),
where:

• V is the set of vertices, {v1, v2, ...}, where vi
is a document id

• E is the set of edges. An edge is a pair of
document ids, (vi, vj), where document vi
cites document vj .

Each vertex, vi ∈ V , has a publication date.8

We use these dates to partition the 200 million
total documents in V into the 100 equal-sized
bins: V0, V1, V2, ...V99. Each bin contains approx-
imately two million documents. Let bin(vk) in-
dicate the bin for paper vk. That is, if vk ∈ Vb,
then bin(vk) is b. bin(vk) is a number between
0 and 99. The bin of an edge, bin((vi, vj)), is
max(bin(vi), bin(vj)), which is usually bin(vi)
since edges are usually causal. That is, papers typi-
cally cite papers in the past, and rarely cite papers
in the future.

Due to the exponential pace of paper publica-
tions in Figure 2, the first bin, V0, encompasses
papers from 1684 to 1936 CE, while the final bin,
V99, encapsulates papers from 2022 to 2023. More
details are presented in Appendix A.

For each bin, Vi, we construct a subgraph Gτ ⊂
G, where Gτ = (Vτ , Eτ ). τ is a bin (the max bin
of nodes and edges in Gτ ). That is, Gτ consists of
nodes, Vτ , and edges, Eτ , where Vτ are the docu-
ments in bin τ , and Eτ are citations from papers
in Vτ to papers in Vi≤τ . In other words, we allow
citations from papers in the current bin (bin τ ) to
papers in the current bin or in previous bins.

With this partitioning we may set the train-test
splits to be between any two subsequent bins.
Firstly, this allows us to adjust the size of the train-
ing graph to study the effects of scale. Secondly, it
allows us to associate test predictions with a time
bin. This allows for analysis of test performance
as a forecasting task with a forecasting horizon of
h. That is, if we train a model on bins up to t, how
does the performance of the model on bin t + 1
compare with the performance on bin t + 5? In
general, the task becomes more difficult with larger
horizons h.

Let G(τ) be a cumulative graph:

G(τ) =
τ∑

i=0

Gi (1)

That is G(τ) = (Vi≤τ , Ei≤τ ), where Vi≤τ are
documents in the current bin or previous bins, and
Ei≤τ are citations from these papers to papers in
the current bin or previous bins.

Thus, G(τ) is the union of all single-bin sub-
graphs graphs up to and including Gτ . We will

8In fact, there are many missing values (and incorrect
values). The set of papers, V , is limited to papers with (non-
missing) publication dates.

6371



refer to the vertices and edges in G(τ) as V (τ) and
E(τ), respectively.

3.3 Distance of 4-hop Papers

Papers connected by 4 hops citation hops may ap-
pear unrelated. However, with a space of 200M
papers, 4 hops is fairly close. It is very unlikely to
move from one field to a completely different one
in just 4 hops.

We have estimates of Field of Study (FOS) val-
ues for the pairs of papers (v_i, v_j) in the test set.
FOS is tricky for a number of reasons, but some
common FOS values are: Medicine, Biology and
Computer Science. The priors for these FOS values
are: 21%, 4.6% and 7.2%, respectively.

Pr(v_j is in medicine | v_i is in medicine) de-
clines with hops: 68%, 65%, 62%, 58%. Pr(v_j is
in biology | v_i is in biology) declines with hops:
38%, 30%, 22%, 17%. Pr(v_j is in CS | v_i is in
CS) declines (less) with hops: 53%, 54%, 53%,
54%. Random negatives would mostly consist of
papers in totally different fields, but our results
show it is likely that papers separated by 4 hops are
in the same field.

3.4 Dataset Balancing

Within our raw Citation Prediction dataset, we find
a non-constant ratio of 1-hop to [2,4] hop labels
across different bins. On average, 1-hop labels
constitute 28.9%. The accuracy paradox (Valverde-
Albacete and Peláez-Moreno, 2014) means that
bins with a higher prevalence of [2,4] hops will be
easier to obtain higher scores on. To rectify this,
we down-sample the more-than-average prevalence
class until the 28.9% rate is achieved. This adjust-
ment results in the deletion of 7.6% samples. More
details can be found in Appendix A. We report
accuracy because it should be sufficient to use the
same metric consistently for comparisons over time
(bins).

3.5 Representation Models

We use our dataset to compare both node-text and
edge-citation representation models.

Text: Specter is an academic document model
designed to accept paper titles and abstracts as in-
put. Specter is initialized to the SciBERT model
(Beltagy et al., 2019), a variant of BERT trained
through masked text denoising of academic doc-
uments. Specter is further trained to minimise a
triplet loss across a query paper, a positive paper,
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Figure 4: Histogram of query papers by bin. Specter is
trained on triples: < query, pos, neg >, where the query
paper cites the pos. The distribution of neg (random nega-
tives) is similar to query, though pos predates query.

and a negative paper. The positive paper is cited
by the query, whilst the negative paper is not. The
underlying training goal is to ensure the [CLS] to-
ken representation of the positive paper is closer
(in L2 distance) than that of the negative paper.
We use the more recent Specter2 model release.9

Specter2 is trained over an approximately 2M paper
portion of the S2 corpus. Figure 4 shows the dis-
tribution of Specter’s training data across our time
bins. Discounting the 0.7% of papers for which the
publication date is unavailable, 99.8% of Specter2
training papers appear in bins [0-85], which span
1684-2019. We therefore call the Specter release
Specter(85).

Citations: There are a number of methods such
as Node2Vec (Grover and Leskovec, 2016), Deep-
Walk (Zhuoren et al., 2014) and ProNE (Zhang
et al., 2019) that take the citation graph as input
and apply techniques such as spectral clustering to
return an embedding for each paper (vertex). As
discussed in section 4.1.1. of (Cai et al., 2018),
these methods produce embeddings where cosines
can be interpreted in terms of the input graph. If
two vectors have a large cosine, then the corre-
sponding nodes are relatively close to one another
in the input graph, though details depend on meth-
ods and hyperparameters.

We used the nodevector10 implementation of
ProNE to generate embeddings. We refer to the
ProNE model trained on the S2 citation graph as:
ProNE-S. In our experiments, the bottleneck is the
SVD of the citation graph. Time and space require-
ments for SVD grow non-linearly with the size of
the graph. Our SLURM cluster allows us to re-
quest 2 TBs of RAM and 5 days of runtime per job.
The larger graphs consumed about half of these
resources. We will need to replace the SVD with

9https://huggingface.co/allenai/specter2
10https://github.com/VHRanger/nodevectors
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an approximation if the literature grows faster than
our cluster.

ProNE is a transductive model, meaning it gener-
ates embeddings only for documents in the training
set, but not for other documents. We introduce
a centroid approximation to estimate vectors for
other documents. The centroid approximation is:

vec(vk) ≈
∑

vl∈fanout(vk)
vec(vl) (2)

where vec(v) is the embedding for document v, and
fanout(v) is the set of papers that are reachable
in one step from v (i.e. cited and citing papers).
When evaluating ProNE-S embeddings, we prefer
the original transductive embeddings and fallback
with the centroid assumption when necessary.

We are interested evaluating two scaling effects:

1. The effect of graph scale on representation
quality (size of τ )

2. The impact of time duration between train
data and evaluation data (forecast horizon)

To evaluate these scaling effects, we train ProNE
on each cumulative subgraph, G(τ), τ ∈ [0, 99],
resulting in 100 ProNE-S(τ) models. ProNE-S(τ)

is trained on G(τ), and maps documents in V (τ) to
vectors.

3.6 Evaluation Task

We evaluate both ProNE-S and Specter models on
our Forecasting Citation Prediction dataset. Simi-
lar to cumulative graphs, we use the notation M (τ)

to indicate the maximum graph partition which a
model is trained on. We report results for all bins,
but like (Färber and Jatowt, 2020), we are particu-
larly interested in predictions for papers published
after the training set: bins > τ . Results for bin ≤ τ
are less interesting because those bins were used
for training.

As discussed in Section 1, we are interested in
measuring trends in forecasting capability: how
does accuracy depend on the interval between train-
ing time and evaluation time? Consistent with re-
search in other domains (and common sense), we
expect the task to become more challenging when
the evaluation is based on papers that are published
well after the papers in the training split.

3.7 Evaluation Implementation

We perform classification by taking the cosine simi-
larity of model’s representations of papers A and B
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Figure 5: Results on ProNE-S(50) (trained on G(50)) and
tested on T (k) for k ∈ {10, 20, 30, 40, 50, 60, 70, 80, 90};
dashed lines compare with Specter.
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Figure 6: Performance improves with larger training sets:
ProNE-S(60) > ProNE-S(50) > ProNE-S(40)

and evaluating against a learn-able threshold. For
each model, we use the first 1/6th of the data as a
validation split to find this threshold, and evaluate
on the remaining 5/6th of papers.

Missing Values: In the case of missing values
for either paper, we predict by sampling from a
Bernoulli distribution parameterised by the train
distribution of the overall rate of 1 vs [2,4] hops
(28.9%).

4 Results and Analysis

Figure 5 shows the performance of ProNE-S50 (la-
beled ‘5’) on every tenth evaluation bin. Accuracy
is better over the training set (left of the verticle
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line). Accuracy suddenly decreases moving into
the first forecasting bin (h=1) and then slowly de-
creases further into the future. These results con-
firm our Forecast Dynamics assumption, that as
time into the future increases, the model’s perfor-
mance degrades. We plot the Specter(85) (labeled
‘S’) for comparison. Despite having more recent
training data, Specter underperforms ProNE-S(50).

Figure 6 is like Figure 5, but Figure 6 shows
performance of three ProNE-S models, trained on
ProNE-S(40) (blue/4), ProNE-S(50) (black/5) and
ProNE-S(40) (red/6), respectively. Note that the
red line is consistently above the black line, and
the black line is consistently above the blue line
(ProNE-S(60) > ProNE-S(50) > ProNE-S(40)) be-
cause training on more bins is better than training
on fewer bins. Figures 5-6 show that accuracy is
better when tested on the training set, and declines
the more we predict into the future.

Figures 5-6 are based on Table 2, which reports
results for every tenth ProNE-S model and for
Specter(85) in Table 2. These expanded results con-
firm the two results of note for ProNE-S model:

1. Accuracy degrades with h (forecast horizon),
as shown in Figure 7. This observation is vali-
dated by OLS regression analysis, where ac-
curacy drops by 0.0009 (coefficient: -0.0009,
t-value: -41.246, p-value: <0.0001).

2. Accuracy improves with t (size of training set).
For every additional training bin, accuracy im-
proves by 0.0009 (coefficient: 0.0009, t-value:
12.280, p-value: <0.0001). This supports the
use of very large training graphs.

Appendix B shows the full results for all cumu-
lative 100 ProNE-S models and results on each 100
evaluation bins.

4.1 Early and Late Bins

Early bins (Bins 0-5) and late bins (Bins 95-99) pro-
duce outliers in our evaluation with both Specter
and ProNE-S models, although the effect is most
noticeable with Specter. We speculate that two
effects are in play: (1) Specter’s training set is
skewed towards more recent papers (see Figure 4)
and (2) older papers and newer papers have rela-
tively noisy metadata due to issues such as OCR
noise and preprints. OCR is more common for
older papers and preprints are more common for
newer papers.
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Figure 7: ProNE-S Accuracy Across Forecast Horizons
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Figure 8: ProNE-S–Specter Crossover: Metcalfe’s Law fa-
vors larger citation graphs (more than 82M papers).

4.2 Comparisons and Combinations

The next two subsections will discuss:

1. Comparisons: As suggested above, larger t
(training data) favors ProNE-S, but where is
the cross-over point?

2. Combinations: Ensembles of ProNE-S and
Specter can be better than either by itself.

4.2.1 Comparing Text and Context (Citations)

As previously discussed, we train 100 ProNE-S
models times on increasing cumulative graphs from
G0 to G99. There is only a single Specter model,
trained by S2 on papers published up to 2019, cor-
responding to our bin 85.11 In Table 2 ProNE-S
overtakes Specter at around bin 40, but it is not pos-
sible to make a precise determination from looking
at every tenth bin.

According to our time binning, Specter2 is
Specter(85), so we evaluate both ProNE-S and
Specter on bins 86 to 99. For ProNE-S(τ ), we use
all models where τ ≤ 85 as later iterations can
access the test the citations during training. As we
seek to compare models, we average the accuracy

11https://github.com/allenai/specter

6374

https://github.com/allenai/specter


ProNE-S Test Bin
Train Bins 0 10 20 30 40 50 60 70 80 90 Mean

0-0 0.543 0.573 0.557 0.559 0.566 0.563 0.561 0.562 0.561 0.558 0.560
0-10 0.701 0.706 0.662 0.670 0.663 0.663 0.665 0.659 0.659 0.659 0.663
0-20 0.736 0.724 0.725 0.709 0.703 0.700 0.698 0.693 0.690 0.686 0.699
0-30 0.701 0.701 0.701 0.700 0.703 0.703 0.699 0.698 0.697 0.693 0.703
0-40 0.751 0.729 0.731 0.731 0.730 0.721 0.719 0.714 0.715 0.710 0.724
0-50 0.772 0.732 0.736 0.735 0.735 0.731 0.724 0.723 0.723 0.719 0.733
0-60 0.756 0.732 0.732 0.736 0.735 0.734 0.732 0.726 0.724 0.725 0.738
0-70 0.726 0.726 0.733 0.734 0.734 0.735 0.735 0.737 0.726 0.730 0.743
0-80 0.731 0.732 0.736 0.736 0.737 0.733 0.734 0.735 0.733 0.730 0.745
0-90 0.736 0.731 0.737 0.733 0.736 0.736 0.735 0.740 0.739 0.740 0.750

Specter 0.569 0.661 0.695 0.696 0.695 0.702 0.702 0.700 0.704 0.707 0.701
Random Baseline 0.589 0.589 0.589 0.589 0.589 0.589 0.589 0.589 0.589 0.589 0.589

Table 2: Accuracy of 10 ProNE-S models and Specter on citation prediction forecasting task. Lines indicate the train-test divide.
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Figure 9: Hybrid Accuracy Uplift from ϕp to ϕ p
s

across all
ProNE-S versions

over all forecasting bins rather that considering
them individually. Figure 8 shows the averaged
forecasting accuracy across for each model across
bins 86 to 99. Specter outperforms the smaller
ProNE-S models (left side of plot), whilst ProNE-S
is better for larger graphs (right side of plot). The
crossover point is around ProNE-S(41), which has
about 82 million papers.

It is remarkable that ProNE-S(41) has compara-
ble accuracy with Specter(85), given the large dif-
ference in t (training data). ProNE-S(41)’s training
data ends at bin 41 (2007), 11 years before the
beginning of the test set (2018).

4.2.2 Combining Text and Context

We have evaluated the forecast capabilities of in-
dividual models and compared two different types
of models, text and citation. A further area of
evaluation is combining the predictions of the two
different model types. Certain document repre-
sentation models such as GNNs use both text and

citations (nodes and edges) as input features. How-
ever, these methods may not apply to the case of
missing values, which Figure 3 shows is more than
half of S2. Additionally, we have shown that text-
and citation-based models have different forecast
characteristics. In a real world application, it may
be desirable to optimise performance for papers
published this year, given models trained on much
older papers. This is somewhat equivalent to op-
timising for a particular evaluation bin. We show
that under these conditions the optimal combina-
tion policy will change over time. To show this, we
evaluate several strategies for ensembling Specter
and ProNE-S models.

More formally: consider a scenario with N mod-
els Mi, each providing a forecast Fi(t) at time t.
The objective is to devise a combination policy ϕ
that maximizes the forecast accuracy Ai(t) for a
given evaluation set. We will show that the optimal
combination policy ϕ is not consistent across:

1. Different forecast horizons
2. Model variants with different train data (bins)

To make our study as clear as possible, we pick
a straightforward hybrid system, which is to use
ProNE-S citation embeddings when available, and
otherwise, fall back to Specter text embeddings.
We term this ϕPτ

S
, (where τ indicates the max train

bin of the ProNE-S model). We run this policy
across all ProNE-S(τ ) models, recording results as
distances from the test-train split (i.e. for ProNE-
S(n), predictions on bin n + 3 count as a 3 bin
forecast). Results are shown in Figure 9. This
hybrid system improves performance, especially
on extreme-range forecasting for the undertrained
bin ProNE-S(τ ) models where τ < 40.
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In Section 4.2.1, we observed that the relative
performance of ProNE-S and Specter depend on t
(size of training set) and h (forecast horizon). We
therefore compare ϕPτ

S
to two ‘no-op’ baselines:

(1) ProNE-S only: ϕPτ and (2) Specter only: ϕS .
We evaluate all three policies on three ProNE-

S variants: ProNE-S(0), ProNE-S(10), and ProNE-
S(30). We choose these small τs to explore the
region where Specter and ProNE-S have similar ac-
curacy. The miss rate for for ProNE-S(0) is 89.5%,
for ProNE-S(10) 40.0%, and for ProNE-S(30), it is
8.8%. We show that no single policy dominates
over all forecasting horizons h. That is, there are
regions where ϕPτ

S
is best, and other regions where

ϕPτ is best, and regions where ϕS is best, as indi-
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Figure 10: Hybrid Forecast Accuracy (with 5-point Moving
Average) for ϕPτ

S
with ProNE-S(0), (10), (30) and Specter. The

color bars indicate which line has the best accuracy. Differ-
ences between bars suggest the policy for combining text and
context depends on the size of the training set (t) and forecast-
ing horizon (h).

cated by the color bars in Figure 10. The color bars
also show that ensembling is often effective. Note
that there is more green (ensembling) in Figure 10
than red (Specter only) and blue (ProNE-S only).

We start with the least trained ProNE-S(0) : ϕP0
S

.
This ensemble uses ProNE-S when ProNE-S is
able to form embeddings, and falls back to Specter
otherwise. We plot the ϕP0

S
vs ϕP0 vs ϕS in the

top plot of Figure 10. To highlight which ϕ is
performing best at a given time-period, we shade
above the graph the color of the best policy.

We observe that with ProNE-S(0), ϕS outper-
forms the hybrid system ϕP0

S
for the first 8 bins,

before converging for later forecast horizons. Con-
vergence over latter bins is due to Specter dom-
inating the hybrid system as ProNE-S has little
coverage so far out from the training data. In ϕP10

S

(middle plot) we see again that the under-trained
ProNE-S system adds noise to short-range forecasts
(bins 11-30), where ϕS – the Specter system alone
– performs best. Finally the bottom plot of ϕP30

S

shows that ϕP30
S

becomes the optimal policy for
forecasting near term (bins 31-70), whilst Specter
remains more accurate for long range forecasting
(bins 71-80). In short:

1. The optimal policy ϕ varies over models and
time horizons. This can be seen through the
color of best ϕ changing across each version
of ProNE-S we plot in Figure 10.

2. By modelling Text and Citations separately,
we are able to change the feature combination
policy ϕ for different forecast horizons, which
produces higher accuracy overall.

The hybrid system increases coverage from
96.0% to 99.0% for bin 50. We also find an up-
lift in prediction performance of 3.91% on average
in forecasting bins, however, this varies by fore-
cast distance and number of ProNE-S training bins.
Further, we find that there is more opportunity for
ensembling when there are more missing bins. Ben-
efits for ensembling decrease when there is more
training data.

6376



5 Conclusion

We produced a link-prediction benchmark based
on Semantic Scholar (S2) to measure forecasting
capability of document models at scale. We then
evaluated 100 ProNE-S models and Specter on data
binned by time. Forecasting is important because
science evolves over time. We found:

1. Performance improves as t increases (more
training data over more time), and

2. Performance degrades as h increases (predic-
tions further and further into the future).

Our results confirmed our central thesis: the
time-evolving nature of Science requires that aca-
demic papers be modelled in a forecasting setting.

Metcalfe’s Law suggests edge-based methods
such as ProNE-S should be relatively effective for
larger graphs. We found that was correct, with a
cross-over point around 82 million papers, much
larger than the training set for Specter.

Since ProNE is transductive (and does not gen-
erate embeddings for novel papers), we introduced
the centroid assumption, so ProNE-S can generate
embeddings for papers that cite known papers. This
extended version of ProNE-S performed well on
our forecasting benchmark, especially when trained
on larger graphs.

We can interpret the forecasting horizon as a
statement about how quickly ProNE embeddings
go stale. Semantic Scholar creates Specter embed-
dings as papers are ingested. This is good practice
because the text does not change after publication.
It often takes time for the community to decide
what is important. This means that for link-based
methods like ProNE-S, citations will accrue on
impactful papers over time, and therefore it is im-
portant to update ProNE embeddings frequently.
Whilst this may be compute-expensive, our tests
show that it leads to valuable increases in represen-
tational accuracy.

We further investigated the relationship of text
and context models through an analysis of model
combination strategies. First, we found that sim-
ply using Specter as a fallback for missing values
in ProNE-S boosts long-horizon predictions sig-
nificantly. Secondly, through evaluation over 100
cumulative ProNE-S models, we found the optimal
model combination policy for combining Specter
and ProNE-S depends on forecast horizon, h.

In practical applications, h ≫ 0, since we typi-

cally train models once, and then use them much
later for inference. Retraining more often will re-
duce h, and improve predictions at inference time.
If we plan to combine models such as Specter and
ProNE-S, the combination should be reevaluated
more often since combinations also depend on h.

Finally, we will make our benchmark, embed-
dings and scripts available for further research and
experimentation.
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6 Ethics

It is good for society to make the scientific litera-
ture more accessible. There is no sensitive data in
this work. All of data we use for creating our bench-
mark is freely available through Semantic Scholar.
The Specter2 model is available on Huggingface.
We make the ProNE-S and Specter embeddings
available on Globus. We release our benchmark on
our project GitHub along with our evaluation code.
Both embeddings and code are available under the
MIT license.

7 Limitations

Scientific literature is growing quickly, and our
benchmark will need to be updated frequently to
stay relevant. Training ProNE-S over a 200 million
paper benchmark requires significant compute re-
sources (2+ days on a 2TB RAM HPC machine).
Citations are not recorded as accurately for non-
English language papers. Specter will likely not
perform well for non-English language text and
abstracts.
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A Semantic Scholar Dataset Details

Forecasting Dataset ProNE Model

Bin Start Date End Date Original Count Downsampled Count % Decrease Fail Count Fail %
0 1684 1936 454 197 56.6 2,419,203 89.5
1 1936 1951 1,151 578 49.8 2,193,380 81.2
2 1951 1958 1,516 860 43.3 2,035,222 75.3
3 1958 1963 2,633 1,667 36.7 1,876,529 69.4
4 1963 1967 3,407 2,279 33.1 1,734,135 64.2
5 1967 1970 4,128 2,936 28.9 1,562,158 57.8
6 1970 1973 4,867 3,527 27.5 1,461,287 54.1
7 1973 1975 5,871 4,416 24.8 1,353,642 50.1
8 1975 1977 6,539 5,027 23.1 1,255,465 46.5
9 1977 1979 7,726 6,060 21.6 1,165,521 43.1

10 1979 1981 8,208 6,472 21.2 1,081,511 40.0
11 1981 1983 8,757 6,941 20.7 1,003,060 37.1
12 1983 1985 9,969 8,160 18.1 927,176 34.3
13 1985 1986 10,294 8,534 17.1 854,632 31.6
14 1986 1988 10,617 8,887 16.3 794,130 29.4
15 1988 1989 11,379 9,531 16.2 733,060 27.1
16 1989 1990 11,611 9,774 15.8 681,124 25.2
17 1990 1991 12,346 10,474 15.2 633,310 23.4
18 1991 1992 12,884 11,000 14.6 587,658 21.7
19 1992 1993 13,316 11,379 14.5 544,058 20.1
20 1993 1994 13,446 11,548 14.1 500,427 18.5
21 1994 1995 13,997 12,073 13.7 460,182 17.0
22 1995 1996 14,154 12,208 13.7 422,597 15.6
23 1996 1997 14,755 12,809 13.2 390,196 14.4
24 1997 1998 15,897 13,872 12.7 361,044 13.4
25 1998 1999 16,662 14,598 12.4 334,995 12.4
26 1999 1999 17,428 15,388 11.7 312,854 11.6
27 1999 2000 17,011 15,124 11.1 289,131 10.7
28 2000 2001 18,310 16,294 11.0 268,771 9.9
29 2001 2001 17,791 15,938 10.4 253,151 9.4
30 2001 2002 18,532 16,516 10.9 237,334 8.8
31 2002 2003 19,933 18,166 8.9 225,091 8.3
32 2003 2003 20,744 18,944 8.7 212,557 7.9
33 2003 2004 20,569 18,829 8.5 202,405 7.5
34 2004 2004 22,216 20,368 8.3 192,516 7.1
35 2004 2004 22,546 20,676 8.3 184,742 6.8
36 2004 2005 23,210 21,577 7.0 175,438 6.5
37 2005 2005 22,599 20,971 7.2 168,781 6.2
38 2005 2006 23,215 21,697 6.5 161,479 6.0
39 2006 2006 23,488 21,993 6.4 155,117 5.7
40 2006 2007 23,099 21,834 5.5 149,562 5.5
41 2007 2007 25,534 23,984 6.1 143,849 5.3
42 2007 2007 24,691 23,251 5.8 139,425 5.2
43 2007 2008 25,408 24,058 5.3 134,521 5.0
44 2008 2008 25,368 24,118 4.9 129,939 4.8
45 2008 2008 26,116 24,998 4.3 126,347 4.7
46 2008 2009 26,637 25,363 4.8 122,235 4.5
47 2009 2009 26,239 25,173 4.1 118,711 4.4
48 2009 2009 27,432 26,487 3.4 116,002 4.3
49 2009 2010 26,436 25,240 4.5 112,735 4.2
50 2010 2010 29,089 28,190 3.1 109,860 4.1
51 2010 2010 28,448 27,580 3.1 107,415 4.0
52 2010 2011 27,327 26,328 3.7 105,268 3.9
53 2011 2011 30,112 29,152 3.2 102,324 3.8
54 2011 2011 30,110 29,120 3.3 100,182 3.7
55 2011 2011 30,586 29,686 2.9 98,422 3.6
56 2011 2012 30,308 29,438 2.9 96,325 3.6
57 2012 2012 32,541 31,773 2.4 94,120 3.5
58 2012 2012 32,860 32,316 1.7 92,535 3.4
59 2012 2012 31,917 31,328 1.8 91,091 3.4
60 2012 2013 35,368 34,668 2.0 89,395 3.3
61 2013 2013 34,955 34,649 0.9 87,771 3.2
62 2013 2013 34,558 34,150 1.2 86,474 3.2
63 2013 2013 33,974 33,710 0.8 85,391 3.2
64 2013 2014 36,367 36,007 1.0 83,723 3.1
65 2014 2014 37,318 37,133 0.5 82,415 3.0
66 2014 2014 36,722 36,470 0.7 81,303 3.0
67 2014 2014 34,965 34,897 0.2 80,381 3.0
68 2014 2015 36,606 36,534 0.2 79,018 2.9
69 2015 2015 38,458 38,420 0.1 77,995 2.9
70 2015 2015 38,334 37,726 1.6 77,132 2.9
71 2015 2015 37,790 37,235 1.5 76,270 2.8
72 2015 2016 37,982 37,649 0.9 75,335 2.8
73 2016 2016 40,526 39,246 3.2 74,323 2.8
74 2016 2016 39,246 38,193 2.7 73,478 2.7
75 2016 2016 39,601 37,846 4.4 72,727 2.7
76 2016 2017 39,236 37,676 4.0 72,000 2.7
77 2017 2017 45,948 43,788 4.7 71,070 2.6
78 2017 2017 45,424 42,994 5.3 70,352 2.6
79 2017 2017 45,843 43,233 5.7 69,719 2.6
80 2017 2018 43,625 41,088 5.8 69,059 2.6
81 2018 2018 49,446 46,016 6.9 68,235 2.5
82 2018 2018 47,481 44,144 7.0 66,954 2.5
83 2018 2018 49,762 45,450 8.7 66,057 2.4
84 2018 2019 47,720 44,289 7.2 65,219 2.4
85 2019 2019 52,560 48,348 8.0 64,380 2.4
86 2019 2019 52,484 47,284 9.9 63,709 2.4
87 2019 2019 52,271 47,955 8.3 63,032 2.3
88 2019 2020 50,812 45,662 10.1 62,374 2.3
89 2020 2020 58,612 51,942 11.4 61,593 2.3
90 2020 2020 59,743 53,253 10.9 60,846 2.3
91 2020 2020 67,974 59,331 12.7 60,148 2.2
92 2020 2021 58,129 50,821 12.6 59,563 2.2
93 2021 2021 71,804 61,438 14.4 58,770 2.2
94 2021 2021 63,805 54,481 14.6 58,214 2.2
95 2021 2021 64,953 55,225 15.0 57,729 2.1
96 2021 2022 61,768 51,154 17.2 57,318 2.1
97 2022 2022 34,191 28,173 17.6 56,980 2.1
98 2022 2022 2,699 2,403 11.0 56,658 2.1
99 2022 2023 733 710 3.1 55,666 2.1

Table 3: Counts by Bin for Forecasting Dataset and ProNE Cumulative Model
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B ProNE-S Forecast Heatmap
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Figure 11: Full ProNE-S Cumulative Forecasting Results
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C ProNE-S Forecast Table

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Max Train Bin

0 0.548 0.574 0.557 0.559 0.577 0.554 0.568 0.547 0.565 0.550 0.563 0.567 0.555 0.557 0.554 0.559 0.554 0.562 0.559 0.559
1 0.624 0.606 0.569 0.613 0.604 0.583 0.598 0.587 0.601 0.601 0.597 0.595 0.598 0.599 0.603 0.593 0.592 0.593 0.593 0.596
2 0.614 0.640 0.664 0.602 0.605 0.593 0.610 0.607 0.622 0.615 0.610 0.616 0.614 0.616 0.611 0.618 0.610 0.603 0.607 0.604
3 0.655 0.647 0.652 0.664 0.596 0.597 0.621 0.614 0.629 0.624 0.623 0.626 0.623 0.637 0.635 0.631 0.627 0.616 0.621 0.624
4 0.645 0.638 0.657 0.674 0.651 0.611 0.624 0.620 0.631 0.635 0.634 0.648 0.628 0.635 0.640 0.642 0.639 0.631 0.621 0.627
5 0.716 0.671 0.677 0.720 0.701 0.696 0.657 0.654 0.663 0.676 0.668 0.666 0.657 0.663 0.662 0.653 0.657 0.650 0.646 0.646
6 0.711 0.664 0.683 0.719 0.702 0.704 0.701 0.669 0.658 0.682 0.666 0.676 0.668 0.667 0.664 0.661 0.664 0.652 0.657 0.647
7 0.716 0.671 0.673 0.713 0.699 0.700 0.700 0.713 0.668 0.679 0.667 0.678 0.673 0.675 0.668 0.666 0.666 0.671 0.653 0.658
8 0.711 0.685 0.678 0.739 0.706 0.716 0.711 0.731 0.715 0.697 0.679 0.690 0.684 0.685 0.685 0.675 0.684 0.679 0.671 0.674
9 0.736 0.697 0.691 0.747 0.718 0.714 0.721 0.730 0.721 0.743 0.696 0.706 0.695 0.698 0.697 0.690 0.686 0.684 0.679 0.682
10 0.695 0.642 0.650 0.705 0.682 0.684 0.686 0.697 0.698 0.714 0.706 0.675 0.676 0.667 0.668 0.669 0.669 0.660 0.660 0.659
11 0.695 0.666 0.658 0.704 0.688 0.693 0.701 0.701 0.702 0.715 0.711 0.720 0.680 0.679 0.682 0.678 0.675 0.668 0.669 0.666
12 0.756 0.709 0.699 0.732 0.717 0.724 0.724 0.723 0.729 0.735 0.736 0.738 0.739 0.709 0.708 0.700 0.700 0.694 0.693 0.689
13 0.721 0.694 0.669 0.713 0.677 0.703 0.698 0.701 0.702 0.714 0.715 0.720 0.724 0.722 0.691 0.681 0.678 0.677 0.676 0.669
14 0.726 0.709 0.685 0.730 0.691 0.705 0.709 0.706 0.710 0.722 0.725 0.725 0.732 0.730 0.728 0.694 0.685 0.685 0.683 0.678
15 0.751 0.723 0.703 0.743 0.709 0.717 0.714 0.717 0.720 0.732 0.733 0.738 0.736 0.737 0.736 0.726 0.699 0.693 0.699 0.693
16 0.797 0.709 0.720 0.735 0.703 0.711 0.717 0.718 0.721 0.731 0.729 0.737 0.734 0.740 0.728 0.727 0.726 0.698 0.701 0.696
17 0.777 0.704 0.719 0.745 0.716 0.718 0.726 0.725 0.730 0.736 0.733 0.740 0.737 0.741 0.739 0.734 0.728 0.730 0.714 0.709
18 0.777 0.711 0.703 0.738 0.717 0.725 0.729 0.727 0.732 0.738 0.736 0.737 0.739 0.742 0.738 0.735 0.732 0.731 0.733 0.710
19 0.741 0.723 0.717 0.730 0.723 0.727 0.723 0.725 0.729 0.733 0.732 0.729 0.732 0.740 0.740 0.730 0.727 0.728 0.731 0.729
20 0.731 0.723 0.719 0.725 0.724 0.728 0.718 0.725 0.723 0.730 0.724 0.724 0.725 0.734 0.732 0.722 0.726 0.724 0.728 0.724
21 0.736 0.718 0.719 0.726 0.723 0.729 0.719 0.721 0.722 0.729 0.724 0.724 0.721 0.734 0.732 0.722 0.726 0.725 0.727 0.724
22 0.736 0.716 0.716 0.713 0.719 0.721 0.719 0.715 0.717 0.722 0.716 0.721 0.714 0.723 0.721 0.716 0.719 0.717 0.722 0.716
23 0.741 0.718 0.714 0.716 0.720 0.721 0.719 0.718 0.719 0.727 0.719 0.720 0.717 0.728 0.727 0.719 0.722 0.719 0.722 0.718
24 0.701 0.706 0.706 0.702 0.707 0.711 0.709 0.705 0.708 0.711 0.708 0.710 0.706 0.713 0.709 0.708 0.711 0.709 0.711 0.710
25 0.736 0.713 0.713 0.714 0.717 0.720 0.715 0.714 0.717 0.724 0.717 0.720 0.715 0.722 0.720 0.717 0.719 0.718 0.721 0.719
26 0.746 0.715 0.716 0.728 0.724 0.722 0.722 0.730 0.727 0.730 0.728 0.725 0.723 0.736 0.737 0.729 0.727 0.728 0.731 0.732
27 0.726 0.708 0.716 0.728 0.728 0.721 0.724 0.726 0.723 0.729 0.725 0.724 0.720 0.733 0.734 0.724 0.727 0.724 0.727 0.726
28 0.726 0.718 0.713 0.722 0.720 0.721 0.722 0.721 0.722 0.724 0.719 0.721 0.720 0.728 0.727 0.721 0.722 0.723 0.724 0.722
29 0.701 0.699 0.699 0.699 0.700 0.700 0.701 0.700 0.701 0.700 0.701 0.700 0.700 0.700 0.701 0.701 0.700 0.701 0.701 0.701
30 0.690 0.701 0.699 0.699 0.700 0.700 0.701 0.701 0.701 0.700 0.701 0.700 0.700 0.700 0.701 0.701 0.700 0.701 0.701 0.701
31 0.701 0.701 0.700 0.699 0.701 0.702 0.701 0.701 0.701 0.701 0.701 0.701 0.701 0.702 0.702 0.701 0.701 0.701 0.702 0.702
32 0.736 0.728 0.721 0.734 0.725 0.727 0.726 0.728 0.725 0.738 0.733 0.732 0.736 0.740 0.737 0.731 0.734 0.733 0.741 0.735
33 0.746 0.727 0.719 0.732 0.725 0.725 0.724 0.727 0.725 0.737 0.735 0.731 0.733 0.741 0.737 0.732 0.735 0.732 0.742 0.735
34 0.746 0.720 0.730 0.733 0.724 0.725 0.723 0.731 0.724 0.739 0.737 0.731 0.732 0.741 0.739 0.731 0.735 0.732 0.743 0.733
35 0.761 0.718 0.717 0.738 0.729 0.726 0.721 0.731 0.726 0.738 0.737 0.730 0.736 0.743 0.739 0.734 0.734 0.730 0.742 0.734
36 0.761 0.709 0.712 0.737 0.727 0.729 0.726 0.731 0.724 0.741 0.733 0.730 0.733 0.741 0.738 0.730 0.735 0.732 0.739 0.732
37 0.766 0.721 0.707 0.738 0.729 0.728 0.729 0.731 0.730 0.743 0.735 0.730 0.733 0.740 0.737 0.732 0.733 0.733 0.740 0.730
38 0.741 0.711 0.710 0.737 0.731 0.728 0.724 0.731 0.729 0.740 0.730 0.727 0.729 0.737 0.737 0.729 0.733 0.731 0.737 0.729
39 0.756 0.709 0.710 0.733 0.729 0.728 0.729 0.732 0.728 0.740 0.731 0.727 0.732 0.736 0.735 0.729 0.732 0.733 0.736 0.729
40 0.751 0.713 0.717 0.742 0.729 0.728 0.728 0.731 0.730 0.739 0.729 0.727 0.729 0.735 0.733 0.728 0.732 0.732 0.733 0.728
41 0.772 0.716 0.706 0.740 0.727 0.727 0.723 0.732 0.728 0.745 0.731 0.730 0.731 0.738 0.735 0.731 0.732 0.733 0.738 0.729
42 0.761 0.718 0.712 0.741 0.727 0.731 0.727 0.731 0.731 0.739 0.730 0.727 0.729 0.738 0.732 0.730 0.734 0.733 0.736 0.730
43 0.761 0.716 0.710 0.738 0.725 0.729 0.725 0.732 0.727 0.742 0.730 0.729 0.729 0.742 0.736 0.733 0.732 0.732 0.740 0.731
44 0.766 0.721 0.714 0.738 0.725 0.728 0.730 0.735 0.730 0.741 0.729 0.730 0.731 0.740 0.735 0.732 0.733 0.734 0.739 0.728
45 0.756 0.720 0.709 0.738 0.727 0.726 0.724 0.735 0.728 0.742 0.732 0.730 0.730 0.739 0.734 0.733 0.732 0.734 0.738 0.731
46 0.772 0.706 0.712 0.743 0.728 0.723 0.726 0.728 0.727 0.741 0.731 0.730 0.731 0.740 0.735 0.732 0.732 0.733 0.740 0.731
47 0.756 0.718 0.707 0.741 0.731 0.729 0.721 0.732 0.725 0.742 0.731 0.730 0.731 0.739 0.736 0.734 0.733 0.734 0.740 0.731
48 0.772 0.720 0.702 0.738 0.728 0.725 0.722 0.728 0.719 0.742 0.732 0.730 0.733 0.742 0.734 0.732 0.733 0.733 0.740 0.731
49 0.766 0.718 0.707 0.739 0.728 0.726 0.720 0.727 0.723 0.741 0.733 0.729 0.731 0.743 0.733 0.733 0.734 0.734 0.739 0.730
50 0.766 0.718 0.705 0.741 0.733 0.722 0.723 0.730 0.724 0.741 0.732 0.728 0.730 0.742 0.733 0.732 0.735 0.731 0.738 0.730
51 0.756 0.718 0.697 0.741 0.730 0.726 0.720 0.728 0.723 0.741 0.735 0.730 0.731 0.743 0.732 0.733 0.732 0.732 0.740 0.731
52 0.746 0.715 0.700 0.745 0.731 0.724 0.720 0.728 0.719 0.744 0.731 0.732 0.731 0.743 0.733 0.732 0.735 0.732 0.739 0.730
53 0.746 0.718 0.703 0.743 0.728 0.728 0.729 0.730 0.722 0.743 0.733 0.732 0.733 0.744 0.732 0.732 0.736 0.732 0.739 0.731
54 0.772 0.718 0.709 0.743 0.724 0.725 0.720 0.730 0.719 0.742 0.731 0.735 0.731 0.741 0.733 0.732 0.732 0.732 0.739 0.731
55 0.761 0.716 0.710 0.747 0.727 0.725 0.723 0.729 0.718 0.742 0.730 0.733 0.731 0.743 0.729 0.732 0.734 0.730 0.737 0.732
56 0.751 0.725 0.703 0.747 0.728 0.724 0.722 0.728 0.719 0.740 0.732 0.732 0.732 0.742 0.731 0.732 0.735 0.731 0.738 0.732
57 0.751 0.718 0.703 0.744 0.731 0.726 0.720 0.726 0.719 0.743 0.730 0.733 0.731 0.741 0.732 0.732 0.736 0.731 0.736 0.730
58 0.756 0.727 0.710 0.747 0.728 0.729 0.724 0.728 0.719 0.741 0.731 0.734 0.735 0.740 0.732 0.732 0.734 0.730 0.738 0.731
59 0.761 0.715 0.702 0.744 0.728 0.722 0.720 0.728 0.715 0.741 0.731 0.731 0.733 0.741 0.732 0.732 0.734 0.731 0.738 0.730
60 0.751 0.723 0.705 0.747 0.726 0.721 0.721 0.726 0.715 0.742 0.732 0.732 0.732 0.740 0.732 0.733 0.736 0.730 0.737 0.731
61 0.741 0.723 0.698 0.741 0.727 0.731 0.727 0.727 0.725 0.742 0.732 0.737 0.733 0.741 0.735 0.736 0.736 0.732 0.738 0.732
62 0.751 0.720 0.700 0.743 0.730 0.722 0.725 0.727 0.722 0.741 0.731 0.738 0.735 0.741 0.735 0.735 0.734 0.733 0.737 0.729
63 0.741 0.718 0.703 0.747 0.733 0.727 0.722 0.728 0.723 0.741 0.731 0.737 0.734 0.743 0.735 0.735 0.734 0.733 0.737 0.732
64 0.741 0.718 0.698 0.744 0.732 0.730 0.724 0.729 0.724 0.738 0.732 0.736 0.734 0.743 0.732 0.736 0.736 0.735 0.738 0.730
65 0.746 0.721 0.702 0.744 0.728 0.721 0.722 0.726 0.717 0.740 0.730 0.734 0.736 0.742 0.731 0.734 0.735 0.732 0.736 0.731
66 0.741 0.720 0.702 0.747 0.728 0.722 0.722 0.728 0.717 0.740 0.729 0.733 0.735 0.741 0.731 0.734 0.735 0.730 0.737 0.732
67 0.746 0.725 0.705 0.743 0.723 0.718 0.720 0.723 0.714 0.739 0.730 0.730 0.734 0.740 0.731 0.736 0.736 0.730 0.735 0.731
68 0.746 0.720 0.705 0.752 0.729 0.718 0.720 0.726 0.716 0.740 0.730 0.735 0.735 0.740 0.730 0.736 0.737 0.730 0.735 0.733
69 0.746 0.728 0.700 0.746 0.725 0.717 0.719 0.723 0.714 0.741 0.728 0.733 0.734 0.743 0.731 0.734 0.735 0.731 0.735 0.731
70 0.736 0.720 0.703 0.745 0.721 0.718 0.718 0.723 0.714 0.738 0.727 0.731 0.734 0.742 0.729 0.733 0.736 0.730 0.735 0.731
71 0.756 0.725 0.701 0.750 0.727 0.722 0.719 0.725 0.717 0.738 0.727 0.730 0.735 0.740 0.730 0.733 0.735 0.732 0.735 0.730
72 0.746 0.725 0.700 0.750 0.725 0.721 0.718 0.725 0.714 0.741 0.728 0.734 0.736 0.741 0.730 0.733 0.737 0.730 0.736 0.731
73 0.726 0.720 0.703 0.746 0.718 0.721 0.719 0.724 0.715 0.740 0.728 0.732 0.734 0.740 0.729 0.734 0.736 0.729 0.737 0.732
74 0.726 0.713 0.703 0.741 0.719 0.721 0.720 0.721 0.711 0.739 0.728 0.731 0.734 0.739 0.728 0.733 0.736 0.729 0.734 0.731
75 0.741 0.727 0.703 0.744 0.729 0.725 0.727 0.726 0.723 0.741 0.730 0.736 0.735 0.739 0.733 0.737 0.738 0.732 0.738 0.730
76 0.751 0.723 0.710 0.748 0.729 0.728 0.726 0.729 0.724 0.741 0.732 0.736 0.735 0.740 0.733 0.737 0.738 0.733 0.737 0.733
77 0.741 0.732 0.702 0.746 0.727 0.724 0.730 0.726 0.723 0.741 0.730 0.738 0.734 0.740 0.734 0.739 0.738 0.731 0.739 0.732
78 0.736 0.728 0.701 0.747 0.728 0.726 0.727 0.726 0.723 0.740 0.731 0.738 0.735 0.740 0.734 0.737 0.736 0.731 0.738 0.732
79 0.731 0.727 0.710 0.743 0.731 0.727 0.732 0.728 0.728 0.740 0.731 0.737 0.734 0.738 0.735 0.737 0.735 0.732 0.739 0.730
80 0.731 0.728 0.705 0.743 0.728 0.728 0.734 0.727 0.725 0.740 0.732 0.740 0.735 0.738 0.734 0.738 0.737 0.732 0.740 0.732
81 0.736 0.727 0.709 0.752 0.727 0.728 0.731 0.726 0.724 0.740 0.732 0.737 0.736 0.739 0.735 0.737 0.737 0.730 0.739 0.730
82 0.736 0.720 0.706 0.743 0.715 0.715 0.719 0.715 0.713 0.738 0.726 0.727 0.729 0.735 0.727 0.732 0.735 0.727 0.733 0.727
83 0.716 0.720 0.702 0.741 0.720 0.715 0.716 0.725 0.713 0.739 0.725 0.730 0.732 0.736 0.726 0.734 0.734 0.727 0.736 0.727
84 0.726 0.723 0.707 0.748 0.717 0.717 0.720 0.718 0.711 0.736 0.724 0.727 0.729 0.734 0.726 0.730 0.733 0.726 0.735 0.728
85 0.721 0.713 0.699 0.745 0.713 0.714 0.720 0.718 0.706 0.734 0.724 0.727 0.730 0.733 0.726 0.729 0.732 0.726 0.733 0.727
86 0.731 0.739 0.714 0.744 0.724 0.722 0.723 0.723 0.717 0.740 0.731 0.734 0.735 0.738 0.728 0.736 0.737 0.728 0.737 0.730
87 0.736 0.732 0.708 0.747 0.722 0.724 0.719 0.720 0.719 0.741 0.730 0.732 0.736 0.737 0.731 0.736 0.737 0.730 0.738 0.731
88 0.741 0.732 0.707 0.746 0.720 0.721 0.723 0.721 0.714 0.740 0.728 0.734 0.732 0.737 0.729 0.735 0.736 0.726 0.740 0.731
89 0.731 0.735 0.716 0.741 0.718 0.720 0.721 0.722 0.717 0.739 0.730 0.733 0.732 0.736 0.727 0.734 0.735 0.728 0.737 0.730
90 0.731 0.734 0.709 0.751 0.724 0.720 0.720 0.721 0.719 0.741 0.731 0.735 0.732 0.737 0.730 0.735 0.738 0.729 0.736 0.730
91 0.731 0.732 0.715 0.751 0.717 0.723 0.718 0.723 0.715 0.740 0.731 0.734 0.728 0.735 0.727 0.734 0.734 0.723 0.735 0.730
92 0.711 0.728 0.727 0.756 0.724 0.720 0.718 0.723 0.718 0.742 0.731 0.735 0.728 0.737 0.728 0.736 0.736 0.725 0.735 0.731
93 0.741 0.728 0.722 0.752 0.720 0.724 0.717 0.722 0.718 0.742 0.730 0.735 0.731 0.736 0.729 0.733 0.736 0.726 0.734 0.730
94 0.726 0.730 0.719 0.754 0.720 0.724 0.718 0.720 0.720 0.741 0.732 0.737 0.730 0.738 0.727 0.737 0.736 0.728 0.737 0.733
95 0.746 0.723 0.719 0.744 0.721 0.721 0.718 0.721 0.715 0.739 0.729 0.731 0.729 0.731 0.728 0.735 0.735 0.725 0.738 0.731
96 0.746 0.734 0.720 0.754 0.726 0.722 0.724 0.720 0.720 0.742 0.735 0.740 0.731 0.737 0.731 0.738 0.737 0.730 0.738 0.733
97 0.726 0.728 0.726 0.756 0.724 0.718 0.724 0.720 0.721 0.742 0.734 0.739 0.733 0.737 0.731 0.737 0.737 0.728 0.737 0.731
98 0.736 0.728 0.717 0.752 0.723 0.722 0.727 0.720 0.722 0.740 0.734 0.742 0.732 0.740 0.733 0.739 0.736 0.728 0.739 0.734

6384



20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39
Max Train Bin

0 0.554 0.559 0.553 0.567 0.563 0.562 0.557 0.560 0.553 0.561 0.560 0.558 0.565 0.563 0.568 0.562 0.560 0.565 0.556 0.565
1 0.601 0.602 0.598 0.598 0.603 0.597 0.594 0.598 0.596 0.593 0.598 0.592 0.599 0.599 0.598 0.597 0.593 0.593 0.598 0.596
2 0.609 0.604 0.612 0.604 0.606 0.604 0.606 0.601 0.604 0.611 0.605 0.607 0.614 0.613 0.610 0.609 0.612 0.605 0.606 0.609
3 0.631 0.631 0.623 0.624 0.623 0.620 0.627 0.620 0.619 0.627 0.620 0.624 0.630 0.625 0.624 0.622 0.628 0.623 0.622 0.623
4 0.630 0.634 0.632 0.634 0.627 0.634 0.635 0.636 0.628 0.631 0.633 0.634 0.630 0.633 0.631 0.634 0.630 0.626 0.631 0.637
5 0.642 0.646 0.650 0.643 0.646 0.657 0.649 0.645 0.641 0.646 0.644 0.643 0.649 0.641 0.647 0.641 0.643 0.647 0.645 0.647
6 0.653 0.655 0.656 0.651 0.652 0.652 0.660 0.652 0.650 0.654 0.648 0.652 0.648 0.650 0.651 0.651 0.654 0.647 0.650 0.652
7 0.654 0.660 0.661 0.665 0.658 0.657 0.659 0.658 0.655 0.651 0.654 0.654 0.659 0.654 0.656 0.655 0.655 0.658 0.655 0.657
8 0.668 0.673 0.668 0.664 0.668 0.668 0.668 0.661 0.666 0.661 0.666 0.665 0.666 0.662 0.665 0.662 0.668 0.659 0.664 0.661
9 0.677 0.685 0.681 0.679 0.676 0.677 0.679 0.675 0.676 0.669 0.674 0.673 0.677 0.666 0.673 0.670 0.675 0.672 0.669 0.669
10 0.663 0.663 0.659 0.667 0.658 0.668 0.670 0.659 0.670 0.661 0.670 0.671 0.671 0.664 0.668 0.668 0.665 0.673 0.670 0.665
11 0.669 0.673 0.667 0.666 0.668 0.672 0.670 0.667 0.672 0.669 0.676 0.673 0.673 0.670 0.674 0.667 0.671 0.674 0.673 0.671
12 0.696 0.697 0.687 0.690 0.687 0.688 0.687 0.685 0.688 0.680 0.686 0.691 0.686 0.681 0.686 0.682 0.684 0.685 0.685 0.680
13 0.672 0.673 0.673 0.676 0.677 0.680 0.678 0.675 0.677 0.673 0.678 0.681 0.679 0.677 0.679 0.678 0.682 0.681 0.681 0.675
14 0.679 0.684 0.677 0.681 0.684 0.690 0.685 0.682 0.685 0.679 0.683 0.682 0.687 0.681 0.687 0.684 0.689 0.686 0.685 0.683
15 0.694 0.697 0.690 0.692 0.696 0.697 0.694 0.693 0.697 0.688 0.688 0.691 0.697 0.688 0.693 0.694 0.693 0.691 0.693 0.689
16 0.697 0.700 0.691 0.697 0.697 0.697 0.699 0.694 0.702 0.692 0.692 0.696 0.700 0.697 0.693 0.695 0.697 0.693 0.691 0.693
17 0.708 0.709 0.699 0.706 0.707 0.707 0.707 0.703 0.707 0.702 0.698 0.700 0.705 0.701 0.702 0.702 0.706 0.700 0.699 0.700
18 0.712 0.712 0.703 0.707 0.708 0.713 0.709 0.705 0.708 0.702 0.705 0.703 0.708 0.702 0.701 0.707 0.705 0.704 0.699 0.704
19 0.716 0.717 0.712 0.717 0.715 0.715 0.712 0.713 0.715 0.709 0.707 0.708 0.711 0.706 0.707 0.708 0.706 0.707 0.705 0.705
20 0.725 0.716 0.712 0.712 0.716 0.716 0.713 0.711 0.714 0.711 0.709 0.707 0.712 0.707 0.708 0.709 0.709 0.709 0.706 0.706
21 0.726 0.725 0.711 0.711 0.711 0.714 0.713 0.712 0.716 0.711 0.709 0.709 0.712 0.709 0.709 0.711 0.709 0.710 0.707 0.709
22 0.719 0.718 0.715 0.711 0.709 0.714 0.710 0.711 0.713 0.711 0.708 0.711 0.712 0.709 0.710 0.707 0.709 0.711 0.708 0.709
23 0.722 0.723 0.718 0.717 0.710 0.716 0.713 0.713 0.716 0.713 0.711 0.711 0.712 0.710 0.710 0.709 0.711 0.711 0.709 0.711
24 0.712 0.712 0.708 0.710 0.710 0.709 0.707 0.708 0.710 0.707 0.705 0.709 0.709 0.706 0.708 0.707 0.707 0.708 0.708 0.706
25 0.719 0.721 0.717 0.717 0.715 0.722 0.713 0.712 0.716 0.711 0.711 0.709 0.712 0.711 0.711 0.710 0.712 0.711 0.711 0.711
26 0.730 0.731 0.724 0.726 0.724 0.733 0.729 0.718 0.722 0.718 0.713 0.715 0.718 0.716 0.718 0.716 0.717 0.716 0.716 0.715
27 0.728 0.729 0.721 0.724 0.722 0.730 0.725 0.725 0.721 0.717 0.713 0.715 0.716 0.716 0.716 0.714 0.717 0.716 0.715 0.715
28 0.722 0.726 0.720 0.722 0.719 0.727 0.722 0.721 0.724 0.713 0.714 0.714 0.714 0.712 0.716 0.713 0.716 0.716 0.714 0.713
29 0.700 0.701 0.700 0.700 0.700 0.700 0.701 0.700 0.700 0.701 0.702 0.703 0.703 0.703 0.703 0.704 0.703 0.703 0.703 0.702
30 0.701 0.701 0.700 0.700 0.700 0.700 0.701 0.700 0.700 0.700 0.700 0.702 0.702 0.702 0.703 0.702 0.703 0.703 0.704 0.703
31 0.703 0.703 0.701 0.703 0.702 0.702 0.702 0.702 0.702 0.701 0.702 0.702 0.703 0.703 0.704 0.704 0.704 0.704 0.705 0.704
32 0.738 0.744 0.729 0.733 0.736 0.743 0.741 0.739 0.741 0.739 0.737 0.736 0.739 0.722 0.723 0.722 0.725 0.720 0.726 0.727
33 0.738 0.746 0.731 0.735 0.737 0.743 0.743 0.742 0.740 0.739 0.735 0.736 0.740 0.737 0.724 0.723 0.726 0.721 0.726 0.727
34 0.740 0.747 0.731 0.736 0.737 0.744 0.744 0.744 0.745 0.740 0.738 0.738 0.744 0.741 0.736 0.725 0.726 0.721 0.726 0.728
35 0.740 0.746 0.730 0.736 0.736 0.745 0.743 0.744 0.744 0.741 0.738 0.737 0.742 0.740 0.736 0.738 0.727 0.723 0.727 0.727
36 0.735 0.744 0.728 0.736 0.736 0.742 0.740 0.741 0.741 0.739 0.737 0.738 0.739 0.737 0.736 0.738 0.738 0.725 0.726 0.727
37 0.739 0.745 0.730 0.735 0.735 0.742 0.741 0.739 0.742 0.738 0.736 0.736 0.740 0.736 0.737 0.737 0.738 0.737 0.726 0.727
38 0.734 0.739 0.727 0.735 0.730 0.740 0.736 0.737 0.739 0.736 0.732 0.734 0.735 0.734 0.735 0.734 0.735 0.734 0.731 0.725
39 0.734 0.740 0.727 0.735 0.733 0.741 0.737 0.737 0.740 0.735 0.734 0.735 0.736 0.735 0.734 0.735 0.736 0.735 0.733 0.736
40 0.731 0.738 0.727 0.734 0.730 0.739 0.737 0.735 0.740 0.733 0.731 0.734 0.735 0.734 0.733 0.732 0.735 0.735 0.731 0.734
41 0.737 0.742 0.729 0.738 0.735 0.742 0.740 0.738 0.742 0.737 0.735 0.737 0.739 0.736 0.737 0.736 0.738 0.736 0.734 0.738
42 0.733 0.740 0.728 0.735 0.731 0.740 0.739 0.736 0.741 0.735 0.732 0.735 0.736 0.734 0.735 0.735 0.737 0.734 0.733 0.735
43 0.735 0.742 0.730 0.737 0.733 0.742 0.740 0.738 0.744 0.735 0.734 0.736 0.740 0.736 0.739 0.736 0.740 0.738 0.735 0.737
44 0.735 0.742 0.729 0.736 0.733 0.742 0.741 0.737 0.741 0.735 0.733 0.738 0.739 0.735 0.738 0.736 0.739 0.737 0.734 0.737
45 0.738 0.742 0.730 0.738 0.732 0.742 0.741 0.737 0.742 0.737 0.735 0.737 0.739 0.736 0.739 0.737 0.740 0.738 0.736 0.737
46 0.737 0.742 0.731 0.737 0.733 0.744 0.742 0.738 0.742 0.736 0.735 0.737 0.740 0.737 0.739 0.740 0.741 0.738 0.735 0.738
47 0.736 0.745 0.731 0.738 0.736 0.744 0.740 0.738 0.744 0.735 0.735 0.737 0.742 0.737 0.739 0.741 0.743 0.738 0.736 0.740
48 0.736 0.744 0.730 0.739 0.737 0.744 0.741 0.740 0.745 0.736 0.736 0.737 0.743 0.736 0.739 0.740 0.743 0.739 0.735 0.741
49 0.737 0.746 0.731 0.737 0.737 0.744 0.742 0.740 0.745 0.737 0.735 0.739 0.745 0.737 0.742 0.740 0.742 0.739 0.736 0.741
50 0.735 0.744 0.731 0.738 0.735 0.742 0.740 0.740 0.744 0.737 0.735 0.737 0.742 0.736 0.740 0.739 0.743 0.739 0.735 0.740
51 0.737 0.745 0.730 0.738 0.735 0.743 0.741 0.740 0.744 0.738 0.735 0.737 0.742 0.736 0.741 0.740 0.742 0.739 0.734 0.740
52 0.735 0.745 0.730 0.737 0.736 0.744 0.742 0.740 0.745 0.737 0.736 0.737 0.742 0.735 0.740 0.740 0.743 0.740 0.735 0.742
53 0.736 0.744 0.731 0.739 0.735 0.744 0.743 0.739 0.745 0.737 0.736 0.738 0.742 0.735 0.740 0.739 0.743 0.739 0.735 0.741
54 0.734 0.744 0.729 0.737 0.735 0.744 0.740 0.740 0.745 0.736 0.736 0.737 0.742 0.736 0.740 0.740 0.743 0.739 0.735 0.741
55 0.734 0.744 0.729 0.739 0.734 0.742 0.742 0.738 0.744 0.737 0.736 0.737 0.744 0.735 0.739 0.741 0.743 0.738 0.735 0.742
56 0.734 0.744 0.730 0.738 0.734 0.743 0.742 0.738 0.745 0.736 0.736 0.738 0.743 0.734 0.739 0.739 0.744 0.740 0.734 0.742
57 0.734 0.743 0.729 0.738 0.736 0.742 0.740 0.740 0.744 0.735 0.736 0.737 0.741 0.735 0.738 0.740 0.743 0.739 0.735 0.742
58 0.732 0.746 0.731 0.738 0.735 0.743 0.741 0.739 0.746 0.737 0.737 0.738 0.741 0.736 0.739 0.740 0.743 0.739 0.735 0.741
59 0.733 0.744 0.731 0.738 0.735 0.742 0.740 0.740 0.746 0.736 0.736 0.738 0.742 0.736 0.740 0.741 0.744 0.739 0.735 0.741
60 0.732 0.743 0.732 0.738 0.734 0.743 0.741 0.739 0.746 0.735 0.736 0.737 0.741 0.736 0.739 0.740 0.743 0.739 0.735 0.742
61 0.735 0.745 0.733 0.739 0.735 0.744 0.740 0.739 0.743 0.737 0.736 0.737 0.741 0.734 0.741 0.740 0.742 0.738 0.735 0.740
62 0.734 0.746 0.733 0.739 0.735 0.743 0.739 0.739 0.745 0.735 0.734 0.737 0.743 0.734 0.739 0.741 0.743 0.740 0.735 0.742
63 0.734 0.746 0.733 0.740 0.736 0.742 0.740 0.740 0.747 0.736 0.736 0.738 0.744 0.736 0.740 0.740 0.743 0.739 0.735 0.742
64 0.733 0.745 0.734 0.741 0.736 0.745 0.740 0.740 0.744 0.737 0.735 0.739 0.742 0.735 0.739 0.740 0.741 0.739 0.736 0.742
65 0.733 0.744 0.731 0.739 0.735 0.742 0.740 0.739 0.748 0.736 0.736 0.736 0.744 0.735 0.739 0.740 0.744 0.739 0.737 0.742
66 0.734 0.746 0.735 0.738 0.736 0.743 0.740 0.738 0.747 0.737 0.736 0.737 0.743 0.735 0.738 0.740 0.743 0.739 0.735 0.742
67 0.733 0.745 0.732 0.739 0.735 0.742 0.739 0.738 0.747 0.737 0.735 0.737 0.743 0.736 0.737 0.740 0.744 0.738 0.737 0.742
68 0.734 0.746 0.732 0.738 0.736 0.741 0.739 0.738 0.747 0.735 0.735 0.735 0.744 0.736 0.738 0.740 0.743 0.739 0.736 0.743
69 0.733 0.745 0.732 0.740 0.734 0.740 0.738 0.739 0.746 0.736 0.735 0.736 0.744 0.734 0.737 0.740 0.743 0.738 0.736 0.742
70 0.733 0.745 0.732 0.739 0.734 0.741 0.741 0.737 0.747 0.734 0.735 0.736 0.744 0.733 0.738 0.741 0.744 0.738 0.736 0.742
71 0.732 0.744 0.733 0.740 0.733 0.742 0.739 0.737 0.746 0.735 0.735 0.738 0.743 0.735 0.739 0.740 0.744 0.737 0.736 0.741
72 0.733 0.744 0.733 0.740 0.734 0.742 0.738 0.738 0.746 0.735 0.735 0.736 0.743 0.734 0.739 0.740 0.744 0.736 0.735 0.742
73 0.734 0.742 0.732 0.737 0.733 0.741 0.739 0.737 0.746 0.734 0.735 0.737 0.743 0.734 0.737 0.740 0.744 0.737 0.736 0.742
74 0.734 0.741 0.730 0.736 0.733 0.740 0.738 0.737 0.744 0.735 0.733 0.736 0.742 0.735 0.736 0.740 0.741 0.738 0.735 0.741
75 0.735 0.743 0.734 0.740 0.735 0.743 0.738 0.739 0.746 0.735 0.735 0.738 0.740 0.735 0.741 0.740 0.743 0.737 0.737 0.741
76 0.737 0.745 0.735 0.740 0.735 0.743 0.740 0.739 0.747 0.734 0.736 0.739 0.742 0.735 0.740 0.740 0.742 0.737 0.736 0.743
77 0.736 0.743 0.735 0.740 0.736 0.744 0.739 0.738 0.745 0.734 0.736 0.737 0.741 0.734 0.741 0.740 0.742 0.738 0.736 0.742
78 0.736 0.744 0.734 0.738 0.737 0.743 0.740 0.740 0.746 0.735 0.735 0.738 0.740 0.735 0.742 0.740 0.743 0.737 0.735 0.742
79 0.734 0.741 0.733 0.739 0.734 0.742 0.739 0.737 0.743 0.736 0.735 0.736 0.739 0.734 0.740 0.738 0.740 0.738 0.734 0.740
80 0.736 0.743 0.735 0.741 0.734 0.742 0.739 0.739 0.744 0.734 0.735 0.736 0.741 0.735 0.742 0.738 0.742 0.739 0.736 0.741
81 0.736 0.743 0.735 0.740 0.735 0.743 0.741 0.738 0.746 0.735 0.735 0.739 0.740 0.735 0.741 0.738 0.742 0.737 0.734 0.741
82 0.733 0.740 0.728 0.735 0.730 0.738 0.738 0.735 0.743 0.732 0.732 0.737 0.738 0.733 0.734 0.737 0.741 0.735 0.734 0.739
83 0.734 0.740 0.730 0.737 0.731 0.738 0.738 0.737 0.745 0.731 0.732 0.738 0.739 0.734 0.735 0.738 0.742 0.736 0.734 0.739
84 0.731 0.740 0.728 0.735 0.731 0.739 0.739 0.733 0.742 0.731 0.731 0.737 0.739 0.732 0.735 0.738 0.742 0.735 0.734 0.739
85 0.731 0.738 0.728 0.733 0.727 0.738 0.738 0.734 0.743 0.728 0.730 0.736 0.737 0.733 0.734 0.737 0.740 0.734 0.733 0.738
86 0.738 0.742 0.734 0.739 0.733 0.741 0.739 0.739 0.743 0.735 0.734 0.737 0.741 0.735 0.739 0.739 0.743 0.738 0.735 0.742
87 0.736 0.741 0.732 0.737 0.732 0.741 0.739 0.738 0.746 0.732 0.734 0.736 0.740 0.734 0.738 0.739 0.743 0.738 0.735 0.743
88 0.737 0.741 0.733 0.737 0.730 0.741 0.740 0.737 0.745 0.733 0.733 0.737 0.738 0.734 0.737 0.738 0.741 0.737 0.736 0.741
89 0.735 0.738 0.732 0.740 0.731 0.738 0.740 0.738 0.745 0.732 0.734 0.738 0.738 0.734 0.736 0.738 0.742 0.737 0.735 0.741
90 0.737 0.739 0.734 0.739 0.731 0.740 0.740 0.738 0.743 0.733 0.733 0.738 0.739 0.735 0.738 0.738 0.742 0.739 0.735 0.741
91 0.733 0.737 0.728 0.736 0.729 0.737 0.739 0.735 0.744 0.731 0.733 0.736 0.739 0.733 0.736 0.738 0.741 0.736 0.732 0.741
92 0.734 0.740 0.730 0.738 0.731 0.738 0.738 0.737 0.745 0.734 0.733 0.738 0.740 0.734 0.738 0.738 0.743 0.737 0.735 0.741
93 0.735 0.740 0.730 0.737 0.730 0.737 0.737 0.735 0.744 0.732 0.732 0.736 0.739 0.735 0.736 0.738 0.742 0.737 0.733 0.742
94 0.736 0.740 0.731 0.739 0.732 0.738 0.739 0.737 0.745 0.732 0.732 0.738 0.740 0.735 0.738 0.739 0.742 0.737 0.733 0.741
95 0.734 0.739 0.728 0.736 0.730 0.738 0.737 0.733 0.745 0.730 0.732 0.737 0.739 0.734 0.737 0.738 0.741 0.738 0.733 0.741
96 0.738 0.740 0.733 0.742 0.731 0.739 0.740 0.736 0.746 0.733 0.734 0.737 0.740 0.735 0.739 0.739 0.743 0.739 0.734 0.742
97 0.736 0.738 0.731 0.741 0.733 0.737 0.739 0.737 0.745 0.733 0.734 0.737 0.739 0.735 0.740 0.739 0.743 0.740 0.733 0.742
98 0.737 0.740 0.732 0.742 0.732 0.739 0.739 0.736 0.744 0.734 0.735 0.738 0.739 0.733 0.740 0.738 0.743 0.739 0.734 0.742

6385



40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59
Max Train Bin

0 0.566 0.563 0.555 0.559 0.563 0.557 0.561 0.564 0.559 0.562 0.557 0.565 0.564 0.563 0.562 0.560 0.558 0.563 0.565 0.557
1 0.592 0.595 0.596 0.596 0.597 0.593 0.601 0.598 0.599 0.591 0.599 0.595 0.596 0.598 0.593 0.590 0.598 0.596 0.592 0.594
2 0.602 0.606 0.606 0.605 0.606 0.603 0.613 0.610 0.605 0.605 0.608 0.607 0.609 0.608 0.607 0.604 0.607 0.608 0.606 0.611
3 0.620 0.627 0.617 0.625 0.624 0.620 0.625 0.621 0.617 0.626 0.621 0.622 0.618 0.622 0.618 0.619 0.619 0.618 0.619 0.619
4 0.620 0.631 0.625 0.634 0.634 0.633 0.632 0.628 0.626 0.629 0.630 0.629 0.632 0.632 0.626 0.631 0.630 0.628 0.630 0.630
5 0.638 0.642 0.637 0.643 0.643 0.642 0.647 0.640 0.639 0.638 0.643 0.639 0.638 0.644 0.641 0.640 0.641 0.640 0.640 0.639
6 0.647 0.650 0.642 0.653 0.646 0.648 0.651 0.646 0.643 0.644 0.648 0.647 0.644 0.648 0.643 0.647 0.647 0.645 0.646 0.646
7 0.646 0.660 0.649 0.655 0.650 0.653 0.654 0.650 0.649 0.651 0.647 0.653 0.652 0.652 0.649 0.654 0.654 0.646 0.652 0.651
8 0.657 0.660 0.656 0.665 0.659 0.657 0.666 0.656 0.657 0.657 0.658 0.659 0.655 0.656 0.656 0.658 0.658 0.655 0.656 0.654
9 0.671 0.670 0.667 0.668 0.670 0.667 0.668 0.666 0.665 0.670 0.662 0.663 0.662 0.662 0.663 0.663 0.668 0.660 0.663 0.659
10 0.664 0.669 0.667 0.667 0.668 0.667 0.668 0.665 0.661 0.666 0.666 0.665 0.661 0.663 0.659 0.665 0.665 0.663 0.664 0.664
11 0.667 0.670 0.668 0.671 0.670 0.666 0.674 0.669 0.664 0.670 0.672 0.667 0.666 0.670 0.664 0.665 0.667 0.663 0.669 0.670
12 0.678 0.681 0.679 0.683 0.676 0.678 0.684 0.676 0.676 0.673 0.676 0.674 0.675 0.675 0.669 0.674 0.676 0.671 0.673 0.678
13 0.673 0.677 0.675 0.680 0.673 0.677 0.680 0.673 0.672 0.674 0.675 0.675 0.677 0.673 0.670 0.674 0.676 0.670 0.672 0.675
14 0.683 0.681 0.682 0.682 0.679 0.683 0.686 0.676 0.680 0.681 0.682 0.678 0.679 0.676 0.671 0.679 0.684 0.673 0.677 0.680
15 0.688 0.692 0.689 0.690 0.687 0.688 0.692 0.687 0.686 0.689 0.689 0.688 0.687 0.684 0.679 0.683 0.689 0.680 0.685 0.681
16 0.691 0.692 0.690 0.692 0.687 0.692 0.692 0.687 0.686 0.688 0.689 0.688 0.689 0.688 0.683 0.686 0.692 0.684 0.686 0.686
17 0.696 0.697 0.697 0.694 0.696 0.694 0.696 0.695 0.693 0.693 0.696 0.693 0.692 0.693 0.689 0.692 0.696 0.687 0.693 0.692
18 0.700 0.698 0.699 0.699 0.698 0.699 0.699 0.697 0.698 0.695 0.695 0.695 0.695 0.696 0.692 0.693 0.697 0.689 0.694 0.694
19 0.703 0.704 0.703 0.700 0.701 0.702 0.702 0.700 0.700 0.698 0.699 0.699 0.697 0.697 0.695 0.697 0.698 0.695 0.695 0.697
20 0.703 0.706 0.704 0.702 0.702 0.703 0.704 0.702 0.699 0.700 0.700 0.701 0.698 0.698 0.699 0.698 0.696 0.697 0.696 0.700
21 0.705 0.705 0.707 0.703 0.704 0.704 0.705 0.703 0.705 0.700 0.703 0.703 0.700 0.699 0.701 0.700 0.698 0.700 0.699 0.699
22 0.706 0.705 0.707 0.704 0.703 0.703 0.706 0.703 0.704 0.703 0.703 0.702 0.700 0.700 0.700 0.700 0.701 0.701 0.699 0.699
23 0.707 0.708 0.709 0.707 0.708 0.706 0.707 0.706 0.706 0.705 0.706 0.704 0.705 0.701 0.701 0.702 0.701 0.703 0.702 0.702
24 0.705 0.706 0.707 0.705 0.705 0.702 0.706 0.705 0.704 0.704 0.705 0.703 0.703 0.701 0.700 0.702 0.700 0.702 0.701 0.701
25 0.709 0.711 0.710 0.708 0.707 0.705 0.708 0.708 0.707 0.704 0.706 0.706 0.705 0.705 0.704 0.703 0.703 0.706 0.704 0.704
26 0.714 0.714 0.713 0.714 0.712 0.712 0.713 0.712 0.711 0.710 0.709 0.711 0.710 0.708 0.704 0.708 0.710 0.708 0.707 0.706
27 0.713 0.714 0.714 0.714 0.713 0.713 0.713 0.712 0.711 0.711 0.709 0.712 0.710 0.710 0.707 0.709 0.710 0.708 0.706 0.705
28 0.713 0.714 0.714 0.714 0.711 0.712 0.713 0.710 0.709 0.710 0.708 0.711 0.710 0.710 0.705 0.710 0.709 0.708 0.707 0.706
29 0.703 0.702 0.703 0.703 0.703 0.702 0.703 0.702 0.702 0.701 0.703 0.701 0.701 0.703 0.700 0.701 0.701 0.701 0.701 0.701
30 0.703 0.703 0.702 0.703 0.703 0.702 0.703 0.703 0.703 0.703 0.703 0.701 0.703 0.702 0.702 0.701 0.701 0.702 0.701 0.701
31 0.704 0.704 0.703 0.705 0.706 0.704 0.705 0.704 0.704 0.705 0.704 0.703 0.705 0.703 0.703 0.703 0.702 0.703 0.703 0.703
32 0.719 0.721 0.722 0.720 0.715 0.722 0.722 0.718 0.716 0.718 0.719 0.722 0.719 0.718 0.716 0.718 0.716 0.714 0.716 0.713
33 0.720 0.721 0.723 0.722 0.714 0.721 0.722 0.719 0.718 0.719 0.719 0.723 0.719 0.719 0.718 0.717 0.719 0.714 0.718 0.714
34 0.721 0.722 0.723 0.723 0.716 0.723 0.724 0.720 0.719 0.721 0.719 0.724 0.720 0.722 0.719 0.718 0.719 0.718 0.718 0.716
35 0.721 0.722 0.725 0.723 0.716 0.725 0.724 0.721 0.719 0.721 0.720 0.725 0.719 0.719 0.720 0.717 0.720 0.717 0.720 0.715
36 0.721 0.723 0.725 0.724 0.716 0.726 0.724 0.719 0.720 0.721 0.720 0.726 0.720 0.720 0.720 0.719 0.722 0.718 0.720 0.716
37 0.725 0.725 0.726 0.724 0.717 0.726 0.723 0.720 0.721 0.721 0.722 0.727 0.720 0.720 0.719 0.720 0.721 0.718 0.722 0.717
38 0.722 0.722 0.724 0.724 0.717 0.724 0.723 0.722 0.721 0.719 0.720 0.726 0.719 0.719 0.718 0.721 0.721 0.718 0.719 0.717
39 0.723 0.725 0.724 0.724 0.717 0.726 0.722 0.721 0.722 0.719 0.721 0.726 0.720 0.722 0.720 0.720 0.721 0.716 0.720 0.718
40 0.730 0.724 0.722 0.724 0.718 0.725 0.721 0.719 0.721 0.720 0.720 0.725 0.719 0.719 0.719 0.720 0.722 0.717 0.721 0.718
41 0.733 0.736 0.725 0.725 0.719 0.726 0.724 0.722 0.723 0.720 0.723 0.729 0.719 0.722 0.720 0.722 0.722 0.719 0.722 0.719
42 0.731 0.733 0.734 0.725 0.720 0.725 0.722 0.721 0.722 0.722 0.722 0.727 0.720 0.722 0.720 0.721 0.723 0.719 0.722 0.718
43 0.733 0.738 0.736 0.735 0.720 0.725 0.723 0.723 0.724 0.721 0.723 0.729 0.721 0.723 0.722 0.724 0.724 0.718 0.723 0.720
44 0.733 0.737 0.736 0.735 0.730 0.723 0.723 0.721 0.723 0.721 0.723 0.729 0.722 0.723 0.722 0.723 0.725 0.718 0.722 0.720
45 0.733 0.737 0.736 0.735 0.730 0.733 0.723 0.722 0.724 0.722 0.723 0.730 0.720 0.723 0.723 0.725 0.725 0.720 0.723 0.721
46 0.735 0.738 0.737 0.736 0.731 0.734 0.733 0.723 0.724 0.723 0.725 0.730 0.722 0.724 0.722 0.723 0.725 0.720 0.723 0.721
47 0.736 0.739 0.737 0.736 0.733 0.736 0.735 0.734 0.723 0.722 0.725 0.732 0.723 0.725 0.724 0.724 0.725 0.720 0.724 0.720
48 0.736 0.740 0.739 0.738 0.733 0.737 0.736 0.736 0.735 0.724 0.724 0.731 0.725 0.725 0.723 0.723 0.726 0.720 0.724 0.722
49 0.735 0.740 0.740 0.738 0.733 0.738 0.736 0.736 0.736 0.734 0.723 0.731 0.724 0.726 0.724 0.723 0.726 0.721 0.724 0.722
50 0.735 0.740 0.738 0.738 0.734 0.737 0.735 0.735 0.736 0.735 0.731 0.729 0.724 0.726 0.724 0.724 0.726 0.722 0.723 0.723
51 0.735 0.739 0.738 0.738 0.733 0.736 0.736 0.735 0.735 0.735 0.731 0.738 0.724 0.727 0.725 0.724 0.729 0.721 0.724 0.724
52 0.735 0.739 0.739 0.738 0.734 0.738 0.737 0.735 0.735 0.734 0.732 0.739 0.735 0.727 0.724 0.725 0.727 0.721 0.725 0.725
53 0.735 0.740 0.739 0.738 0.734 0.737 0.737 0.735 0.735 0.735 0.731 0.738 0.733 0.732 0.724 0.725 0.727 0.720 0.725 0.725
54 0.735 0.741 0.740 0.739 0.735 0.739 0.737 0.736 0.736 0.735 0.733 0.738 0.735 0.734 0.733 0.724 0.728 0.721 0.725 0.724
55 0.735 0.740 0.740 0.739 0.735 0.738 0.737 0.736 0.736 0.735 0.733 0.738 0.735 0.734 0.734 0.733 0.728 0.722 0.725 0.726
56 0.734 0.740 0.739 0.739 0.735 0.738 0.737 0.736 0.735 0.736 0.733 0.740 0.735 0.733 0.733 0.734 0.735 0.722 0.726 0.726
57 0.735 0.739 0.739 0.740 0.735 0.740 0.737 0.736 0.735 0.737 0.732 0.738 0.734 0.735 0.734 0.734 0.736 0.731 0.725 0.727
58 0.735 0.738 0.740 0.740 0.735 0.739 0.737 0.736 0.735 0.737 0.734 0.738 0.736 0.735 0.735 0.734 0.737 0.730 0.733 0.725
59 0.734 0.739 0.740 0.741 0.735 0.740 0.736 0.738 0.735 0.738 0.734 0.741 0.735 0.735 0.735 0.736 0.736 0.732 0.735 0.735
60 0.735 0.739 0.739 0.741 0.735 0.740 0.738 0.739 0.736 0.736 0.734 0.740 0.735 0.736 0.735 0.734 0.736 0.732 0.733 0.734
61 0.735 0.739 0.737 0.738 0.736 0.738 0.737 0.737 0.736 0.737 0.732 0.740 0.735 0.734 0.734 0.735 0.737 0.732 0.733 0.734
62 0.735 0.740 0.740 0.739 0.735 0.739 0.737 0.737 0.737 0.737 0.733 0.740 0.735 0.735 0.735 0.736 0.738 0.732 0.733 0.733
63 0.735 0.740 0.739 0.739 0.736 0.739 0.738 0.737 0.736 0.738 0.733 0.741 0.736 0.736 0.736 0.736 0.737 0.733 0.735 0.735
64 0.734 0.740 0.740 0.740 0.735 0.738 0.737 0.737 0.736 0.738 0.733 0.740 0.735 0.735 0.735 0.735 0.738 0.732 0.734 0.734
65 0.736 0.740 0.740 0.741 0.734 0.740 0.738 0.740 0.736 0.737 0.734 0.741 0.736 0.737 0.735 0.737 0.739 0.732 0.735 0.735
66 0.737 0.740 0.739 0.741 0.734 0.738 0.737 0.739 0.736 0.736 0.733 0.742 0.736 0.737 0.735 0.737 0.739 0.733 0.734 0.736
67 0.734 0.741 0.740 0.742 0.734 0.739 0.738 0.740 0.737 0.737 0.735 0.741 0.738 0.737 0.736 0.736 0.739 0.732 0.735 0.736
68 0.735 0.741 0.741 0.742 0.734 0.740 0.738 0.739 0.737 0.737 0.735 0.742 0.736 0.737 0.735 0.737 0.738 0.733 0.735 0.737
69 0.736 0.739 0.741 0.742 0.734 0.740 0.739 0.739 0.736 0.738 0.735 0.742 0.736 0.738 0.735 0.737 0.738 0.733 0.735 0.737
70 0.734 0.740 0.739 0.741 0.734 0.739 0.738 0.738 0.736 0.737 0.735 0.741 0.736 0.737 0.736 0.738 0.739 0.734 0.736 0.738
71 0.735 0.740 0.741 0.742 0.733 0.739 0.739 0.738 0.737 0.737 0.735 0.741 0.737 0.737 0.735 0.736 0.739 0.732 0.736 0.736
72 0.734 0.740 0.739 0.741 0.733 0.739 0.738 0.739 0.737 0.738 0.735 0.741 0.735 0.738 0.735 0.736 0.738 0.734 0.736 0.737
73 0.733 0.739 0.740 0.741 0.733 0.739 0.737 0.738 0.736 0.737 0.735 0.741 0.736 0.737 0.735 0.736 0.738 0.734 0.736 0.737
74 0.733 0.739 0.739 0.741 0.732 0.740 0.737 0.737 0.735 0.738 0.736 0.741 0.736 0.738 0.735 0.735 0.739 0.734 0.735 0.738
75 0.737 0.738 0.739 0.740 0.735 0.739 0.737 0.738 0.736 0.739 0.734 0.741 0.736 0.736 0.735 0.736 0.737 0.733 0.735 0.734
76 0.736 0.738 0.739 0.740 0.735 0.739 0.738 0.738 0.737 0.739 0.734 0.741 0.738 0.735 0.735 0.736 0.738 0.733 0.735 0.735
77 0.737 0.738 0.738 0.739 0.735 0.740 0.738 0.737 0.737 0.739 0.735 0.741 0.737 0.736 0.736 0.735 0.738 0.734 0.736 0.734
78 0.736 0.738 0.739 0.739 0.735 0.739 0.736 0.738 0.737 0.739 0.735 0.741 0.737 0.735 0.735 0.736 0.738 0.733 0.736 0.735
79 0.736 0.737 0.736 0.739 0.734 0.738 0.734 0.737 0.734 0.739 0.732 0.740 0.736 0.734 0.734 0.735 0.736 0.733 0.733 0.733
80 0.737 0.737 0.738 0.739 0.735 0.739 0.735 0.739 0.736 0.739 0.734 0.742 0.737 0.735 0.734 0.736 0.737 0.733 0.736 0.734
81 0.737 0.738 0.740 0.740 0.735 0.740 0.736 0.738 0.735 0.739 0.734 0.741 0.736 0.736 0.734 0.735 0.738 0.734 0.736 0.735
82 0.733 0.735 0.738 0.739 0.730 0.737 0.735 0.738 0.735 0.736 0.736 0.741 0.735 0.737 0.735 0.735 0.739 0.734 0.735 0.736
83 0.734 0.736 0.738 0.741 0.732 0.739 0.735 0.738 0.736 0.737 0.736 0.740 0.736 0.737 0.733 0.736 0.739 0.734 0.734 0.736
84 0.732 0.734 0.738 0.738 0.730 0.736 0.735 0.736 0.736 0.736 0.736 0.740 0.735 0.737 0.734 0.735 0.739 0.734 0.734 0.736
85 0.732 0.734 0.736 0.737 0.730 0.737 0.734 0.736 0.735 0.735 0.735 0.739 0.735 0.736 0.734 0.735 0.738 0.734 0.733 0.735
86 0.735 0.737 0.738 0.740 0.735 0.738 0.737 0.739 0.739 0.739 0.737 0.742 0.736 0.737 0.736 0.736 0.739 0.733 0.734 0.737
87 0.735 0.737 0.739 0.741 0.733 0.739 0.737 0.740 0.738 0.737 0.736 0.741 0.737 0.736 0.736 0.736 0.739 0.734 0.735 0.736
88 0.734 0.737 0.738 0.740 0.734 0.738 0.736 0.739 0.738 0.738 0.736 0.741 0.737 0.737 0.735 0.736 0.739 0.735 0.735 0.737
89 0.736 0.738 0.739 0.741 0.733 0.738 0.736 0.738 0.737 0.738 0.736 0.740 0.736 0.737 0.735 0.736 0.738 0.735 0.734 0.736
90 0.736 0.738 0.739 0.741 0.733 0.739 0.736 0.740 0.738 0.739 0.736 0.741 0.738 0.738 0.735 0.736 0.738 0.735 0.735 0.736
91 0.735 0.736 0.738 0.739 0.732 0.738 0.734 0.737 0.737 0.738 0.737 0.740 0.735 0.738 0.734 0.736 0.738 0.734 0.734 0.734
92 0.736 0.737 0.739 0.741 0.733 0.738 0.735 0.739 0.739 0.740 0.737 0.740 0.737 0.737 0.736 0.737 0.738 0.735 0.735 0.736
93 0.735 0.736 0.738 0.740 0.732 0.738 0.734 0.738 0.738 0.738 0.738 0.741 0.736 0.737 0.735 0.737 0.739 0.735 0.733 0.735
94 0.736 0.738 0.738 0.742 0.735 0.738 0.735 0.740 0.737 0.740 0.738 0.741 0.737 0.737 0.736 0.737 0.738 0.735 0.734 0.735
95 0.734 0.736 0.736 0.738 0.731 0.738 0.734 0.737 0.737 0.738 0.737 0.741 0.735 0.737 0.734 0.736 0.739 0.734 0.734 0.735
96 0.737 0.737 0.738 0.742 0.735 0.739 0.735 0.739 0.739 0.741 0.738 0.742 0.737 0.737 0.737 0.736 0.739 0.735 0.735 0.737
97 0.736 0.738 0.738 0.742 0.734 0.739 0.736 0.738 0.738 0.740 0.738 0.742 0.738 0.737 0.736 0.737 0.738 0.735 0.735 0.735
98 0.737 0.738 0.738 0.740 0.735 0.738 0.736 0.738 0.738 0.740 0.737 0.742 0.737 0.737 0.735 0.738 0.738 0.736 0.735 0.736

6386



60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79
Max Train Bin

0 0.560 0.566 0.563 0.564 0.561 0.560 0.560 0.560 0.561 0.559 0.557 0.558 0.558 0.564 0.562 0.557 0.559 0.562 0.563 0.564
1 0.596 0.595 0.594 0.596 0.593 0.595 0.594 0.590 0.597 0.593 0.593 0.596 0.593 0.594 0.594 0.594 0.595 0.597 0.590 0.593
2 0.607 0.604 0.612 0.604 0.608 0.606 0.605 0.606 0.605 0.604 0.598 0.603 0.606 0.605 0.600 0.607 0.603 0.605 0.601 0.603
3 0.625 0.617 0.624 0.622 0.616 0.621 0.617 0.622 0.619 0.621 0.619 0.618 0.621 0.618 0.620 0.616 0.617 0.618 0.616 0.617
4 0.630 0.630 0.633 0.632 0.625 0.629 0.630 0.628 0.626 0.625 0.622 0.624 0.629 0.628 0.624 0.628 0.623 0.626 0.624 0.627
5 0.644 0.636 0.639 0.640 0.635 0.640 0.637 0.641 0.642 0.636 0.637 0.637 0.640 0.637 0.633 0.637 0.637 0.637 0.635 0.635
6 0.644 0.638 0.646 0.647 0.642 0.645 0.644 0.644 0.641 0.643 0.642 0.645 0.646 0.643 0.640 0.641 0.643 0.646 0.637 0.642
7 0.655 0.647 0.651 0.651 0.650 0.651 0.647 0.648 0.650 0.647 0.650 0.648 0.647 0.649 0.649 0.647 0.648 0.647 0.639 0.646
8 0.658 0.654 0.658 0.660 0.654 0.656 0.658 0.653 0.657 0.652 0.653 0.653 0.654 0.652 0.651 0.654 0.652 0.653 0.647 0.653
9 0.667 0.663 0.660 0.666 0.659 0.660 0.660 0.660 0.662 0.659 0.661 0.661 0.660 0.662 0.659 0.659 0.660 0.658 0.655 0.657
10 0.667 0.656 0.661 0.666 0.662 0.662 0.663 0.663 0.665 0.662 0.662 0.661 0.659 0.662 0.661 0.662 0.663 0.662 0.657 0.660
11 0.671 0.664 0.666 0.669 0.664 0.668 0.668 0.667 0.666 0.664 0.665 0.666 0.663 0.665 0.666 0.665 0.664 0.664 0.663 0.663
12 0.677 0.672 0.674 0.674 0.673 0.670 0.670 0.672 0.671 0.672 0.671 0.673 0.672 0.673 0.667 0.666 0.671 0.671 0.667 0.668
13 0.674 0.670 0.672 0.674 0.670 0.674 0.672 0.671 0.673 0.675 0.673 0.669 0.667 0.672 0.674 0.672 0.671 0.673 0.666 0.671
14 0.678 0.675 0.676 0.679 0.675 0.679 0.675 0.678 0.676 0.677 0.676 0.674 0.673 0.679 0.674 0.674 0.675 0.675 0.672 0.672
15 0.687 0.682 0.682 0.684 0.679 0.680 0.679 0.684 0.685 0.683 0.681 0.679 0.680 0.681 0.678 0.681 0.678 0.681 0.679 0.678
16 0.688 0.681 0.686 0.686 0.685 0.687 0.684 0.685 0.686 0.686 0.686 0.681 0.685 0.682 0.682 0.683 0.683 0.681 0.678 0.678
17 0.689 0.685 0.690 0.692 0.689 0.690 0.688 0.688 0.690 0.689 0.689 0.684 0.684 0.686 0.684 0.687 0.684 0.684 0.683 0.681
18 0.696 0.689 0.693 0.693 0.691 0.692 0.690 0.691 0.691 0.691 0.691 0.690 0.687 0.691 0.689 0.687 0.689 0.687 0.688 0.687
19 0.697 0.692 0.694 0.695 0.694 0.694 0.695 0.692 0.694 0.693 0.693 0.689 0.690 0.690 0.690 0.691 0.692 0.689 0.689 0.688
20 0.697 0.695 0.696 0.696 0.694 0.698 0.694 0.694 0.695 0.692 0.692 0.690 0.690 0.693 0.692 0.693 0.693 0.693 0.690 0.689
21 0.699 0.699 0.698 0.701 0.696 0.696 0.697 0.695 0.695 0.697 0.693 0.692 0.694 0.695 0.694 0.694 0.694 0.694 0.691 0.689
22 0.700 0.697 0.698 0.699 0.697 0.699 0.697 0.696 0.696 0.696 0.695 0.692 0.693 0.693 0.694 0.696 0.696 0.693 0.692 0.691
23 0.701 0.700 0.700 0.700 0.699 0.700 0.699 0.698 0.699 0.698 0.696 0.697 0.696 0.697 0.696 0.697 0.697 0.695 0.695 0.691
24 0.701 0.698 0.699 0.699 0.700 0.699 0.698 0.699 0.698 0.697 0.694 0.695 0.695 0.695 0.696 0.698 0.697 0.696 0.693 0.693
25 0.704 0.701 0.703 0.703 0.703 0.702 0.702 0.701 0.699 0.700 0.698 0.699 0.699 0.699 0.700 0.700 0.699 0.697 0.696 0.695
26 0.708 0.704 0.706 0.708 0.705 0.704 0.706 0.704 0.704 0.704 0.702 0.703 0.702 0.703 0.702 0.702 0.704 0.703 0.703 0.700
27 0.707 0.705 0.706 0.706 0.707 0.704 0.705 0.706 0.704 0.704 0.704 0.704 0.702 0.702 0.703 0.703 0.703 0.702 0.702 0.700
28 0.707 0.705 0.705 0.707 0.706 0.704 0.706 0.704 0.704 0.704 0.703 0.704 0.702 0.703 0.702 0.702 0.703 0.702 0.701 0.701
29 0.701 0.699 0.701 0.701 0.700 0.700 0.700 0.700 0.698 0.698 0.696 0.696 0.698 0.697 0.697 0.696 0.695 0.698 0.695 0.695
30 0.699 0.700 0.700 0.701 0.700 0.700 0.700 0.699 0.699 0.701 0.698 0.696 0.697 0.697 0.696 0.699 0.695 0.697 0.696 0.695
31 0.702 0.701 0.702 0.703 0.702 0.701 0.702 0.702 0.701 0.701 0.699 0.699 0.700 0.698 0.698 0.699 0.699 0.699 0.698 0.698
32 0.718 0.714 0.714 0.715 0.714 0.715 0.714 0.710 0.712 0.714 0.710 0.709 0.712 0.713 0.710 0.709 0.711 0.710 0.709 0.710
33 0.718 0.716 0.712 0.714 0.717 0.714 0.715 0.712 0.714 0.714 0.713 0.709 0.713 0.713 0.711 0.711 0.713 0.710 0.710 0.709
34 0.719 0.719 0.715 0.717 0.719 0.717 0.718 0.712 0.714 0.715 0.713 0.713 0.714 0.715 0.713 0.714 0.713 0.710 0.712 0.712
35 0.720 0.719 0.715 0.716 0.717 0.716 0.718 0.714 0.717 0.717 0.714 0.714 0.718 0.717 0.711 0.714 0.716 0.710 0.712 0.712
36 0.718 0.717 0.715 0.717 0.718 0.717 0.718 0.713 0.716 0.718 0.713 0.714 0.718 0.715 0.713 0.714 0.715 0.712 0.711 0.712
37 0.720 0.719 0.718 0.718 0.720 0.718 0.719 0.715 0.717 0.718 0.714 0.714 0.718 0.718 0.713 0.715 0.716 0.713 0.713 0.714
38 0.719 0.717 0.716 0.716 0.718 0.715 0.720 0.714 0.716 0.717 0.712 0.715 0.717 0.715 0.713 0.712 0.716 0.713 0.711 0.713
39 0.720 0.717 0.718 0.718 0.719 0.717 0.719 0.716 0.717 0.719 0.714 0.716 0.718 0.717 0.715 0.713 0.716 0.714 0.713 0.714
40 0.719 0.716 0.717 0.717 0.718 0.716 0.721 0.715 0.717 0.717 0.713 0.716 0.715 0.718 0.715 0.713 0.717 0.712 0.713 0.712
41 0.721 0.719 0.719 0.721 0.721 0.720 0.721 0.716 0.719 0.721 0.716 0.717 0.720 0.720 0.716 0.715 0.719 0.714 0.715 0.716
42 0.721 0.719 0.720 0.719 0.719 0.718 0.722 0.716 0.717 0.719 0.715 0.717 0.720 0.719 0.716 0.714 0.719 0.714 0.716 0.715
43 0.722 0.722 0.720 0.722 0.721 0.721 0.723 0.716 0.719 0.722 0.717 0.718 0.719 0.719 0.718 0.717 0.719 0.716 0.717 0.716
44 0.721 0.720 0.720 0.722 0.721 0.721 0.723 0.716 0.718 0.722 0.717 0.719 0.721 0.720 0.718 0.715 0.721 0.715 0.717 0.717
45 0.722 0.722 0.722 0.723 0.722 0.720 0.724 0.718 0.719 0.723 0.719 0.720 0.722 0.721 0.719 0.717 0.720 0.717 0.718 0.717
46 0.722 0.721 0.722 0.723 0.723 0.722 0.723 0.719 0.720 0.723 0.718 0.721 0.721 0.721 0.719 0.717 0.721 0.717 0.718 0.718
47 0.721 0.723 0.722 0.725 0.723 0.721 0.725 0.719 0.721 0.725 0.720 0.721 0.722 0.721 0.721 0.719 0.721 0.719 0.720 0.720
48 0.724 0.722 0.723 0.726 0.725 0.722 0.726 0.722 0.722 0.726 0.720 0.722 0.724 0.723 0.722 0.719 0.722 0.719 0.720 0.720
49 0.725 0.724 0.722 0.727 0.726 0.724 0.725 0.722 0.722 0.726 0.722 0.723 0.725 0.723 0.722 0.721 0.722 0.720 0.722 0.720
50 0.724 0.723 0.721 0.725 0.725 0.723 0.726 0.723 0.721 0.726 0.722 0.722 0.724 0.723 0.722 0.721 0.723 0.719 0.722 0.719
51 0.725 0.724 0.723 0.726 0.726 0.723 0.725 0.724 0.721 0.726 0.723 0.722 0.725 0.723 0.723 0.721 0.725 0.719 0.721 0.720
52 0.725 0.725 0.722 0.728 0.726 0.724 0.727 0.724 0.722 0.728 0.723 0.722 0.726 0.725 0.724 0.722 0.724 0.720 0.722 0.719
53 0.724 0.725 0.722 0.726 0.726 0.723 0.727 0.725 0.722 0.726 0.722 0.722 0.725 0.725 0.723 0.723 0.725 0.720 0.722 0.720
54 0.725 0.726 0.722 0.727 0.726 0.724 0.727 0.725 0.723 0.727 0.723 0.723 0.725 0.726 0.724 0.723 0.725 0.721 0.723 0.720
55 0.725 0.725 0.722 0.727 0.726 0.724 0.728 0.724 0.724 0.727 0.725 0.723 0.726 0.727 0.725 0.723 0.725 0.721 0.722 0.720
56 0.726 0.726 0.722 0.727 0.725 0.723 0.727 0.725 0.723 0.727 0.724 0.724 0.724 0.725 0.725 0.724 0.725 0.721 0.722 0.720
57 0.724 0.726 0.723 0.726 0.725 0.724 0.727 0.725 0.724 0.727 0.726 0.724 0.725 0.728 0.725 0.724 0.725 0.720 0.722 0.719
58 0.725 0.726 0.724 0.728 0.725 0.723 0.728 0.726 0.725 0.727 0.725 0.726 0.725 0.727 0.726 0.725 0.725 0.722 0.723 0.721
59 0.726 0.727 0.724 0.728 0.726 0.723 0.728 0.726 0.724 0.729 0.726 0.725 0.725 0.727 0.725 0.725 0.726 0.722 0.722 0.722
60 0.732 0.727 0.724 0.727 0.725 0.722 0.728 0.727 0.724 0.728 0.726 0.727 0.724 0.726 0.725 0.725 0.727 0.722 0.723 0.722
61 0.732 0.733 0.724 0.726 0.726 0.723 0.727 0.726 0.723 0.727 0.725 0.725 0.724 0.727 0.726 0.725 0.727 0.721 0.724 0.720
62 0.733 0.733 0.734 0.728 0.725 0.723 0.728 0.726 0.725 0.728 0.727 0.726 0.724 0.727 0.727 0.725 0.726 0.722 0.723 0.721
63 0.735 0.734 0.734 0.736 0.725 0.724 0.728 0.725 0.724 0.729 0.726 0.726 0.726 0.727 0.727 0.726 0.727 0.723 0.725 0.721
64 0.734 0.734 0.734 0.736 0.734 0.724 0.727 0.726 0.724 0.727 0.726 0.726 0.725 0.727 0.726 0.725 0.727 0.724 0.725 0.722
65 0.732 0.737 0.736 0.737 0.735 0.733 0.726 0.726 0.726 0.731 0.728 0.727 0.726 0.729 0.728 0.726 0.729 0.725 0.725 0.722
66 0.733 0.738 0.736 0.737 0.735 0.733 0.735 0.726 0.724 0.729 0.728 0.727 0.725 0.728 0.727 0.726 0.727 0.725 0.724 0.723
67 0.734 0.738 0.738 0.737 0.735 0.733 0.736 0.736 0.725 0.729 0.728 0.729 0.725 0.728 0.727 0.727 0.728 0.726 0.726 0.724
68 0.735 0.738 0.738 0.737 0.735 0.734 0.736 0.736 0.733 0.728 0.727 0.728 0.727 0.728 0.727 0.727 0.728 0.725 0.727 0.723
69 0.735 0.738 0.738 0.738 0.735 0.735 0.735 0.736 0.734 0.738 0.728 0.729 0.726 0.729 0.728 0.727 0.727 0.726 0.726 0.724
70 0.735 0.739 0.738 0.738 0.736 0.735 0.737 0.737 0.734 0.739 0.737 0.729 0.725 0.728 0.727 0.728 0.729 0.725 0.726 0.723
71 0.735 0.738 0.739 0.737 0.736 0.735 0.735 0.736 0.735 0.738 0.737 0.735 0.726 0.728 0.727 0.728 0.728 0.726 0.726 0.724
72 0.735 0.738 0.738 0.738 0.735 0.736 0.735 0.737 0.736 0.738 0.738 0.735 0.737 0.729 0.729 0.727 0.728 0.725 0.728 0.724
73 0.736 0.738 0.737 0.738 0.736 0.737 0.737 0.737 0.734 0.738 0.738 0.737 0.736 0.735 0.726 0.727 0.729 0.724 0.727 0.723
74 0.735 0.738 0.739 0.737 0.735 0.736 0.737 0.738 0.735 0.738 0.740 0.736 0.737 0.735 0.735 0.726 0.728 0.725 0.727 0.723
75 0.734 0.737 0.737 0.738 0.736 0.735 0.735 0.734 0.734 0.738 0.736 0.737 0.734 0.734 0.734 0.732 0.727 0.724 0.728 0.723
76 0.735 0.737 0.738 0.738 0.736 0.736 0.736 0.734 0.733 0.738 0.736 0.735 0.735 0.734 0.734 0.734 0.734 0.723 0.727 0.722
77 0.734 0.737 0.737 0.737 0.735 0.734 0.736 0.735 0.733 0.738 0.736 0.735 0.735 0.733 0.735 0.734 0.733 0.729 0.726 0.722
78 0.736 0.737 0.737 0.738 0.736 0.735 0.736 0.734 0.734 0.737 0.736 0.736 0.736 0.734 0.735 0.734 0.733 0.730 0.734 0.722
79 0.733 0.734 0.736 0.737 0.734 0.733 0.733 0.732 0.732 0.735 0.733 0.733 0.733 0.731 0.733 0.733 0.731 0.728 0.732 0.729
80 0.734 0.735 0.737 0.737 0.737 0.734 0.735 0.734 0.732 0.737 0.735 0.735 0.734 0.733 0.735 0.733 0.732 0.730 0.733 0.731
81 0.735 0.737 0.738 0.738 0.737 0.735 0.736 0.735 0.734 0.738 0.736 0.735 0.737 0.735 0.736 0.734 0.733 0.730 0.734 0.732
82 0.734 0.738 0.738 0.736 0.737 0.735 0.738 0.738 0.737 0.737 0.738 0.736 0.736 0.736 0.737 0.736 0.737 0.732 0.733 0.734
83 0.735 0.739 0.739 0.737 0.737 0.736 0.739 0.737 0.737 0.738 0.739 0.738 0.737 0.735 0.737 0.735 0.736 0.732 0.735 0.734
84 0.734 0.738 0.739 0.736 0.737 0.734 0.738 0.737 0.736 0.738 0.738 0.736 0.737 0.736 0.737 0.735 0.737 0.732 0.736 0.734
85 0.734 0.737 0.738 0.736 0.737 0.735 0.738 0.737 0.736 0.739 0.739 0.735 0.737 0.736 0.738 0.735 0.738 0.732 0.735 0.734
86 0.735 0.739 0.738 0.738 0.737 0.736 0.738 0.736 0.737 0.740 0.741 0.738 0.738 0.736 0.737 0.736 0.736 0.733 0.735 0.735
87 0.736 0.739 0.739 0.738 0.737 0.735 0.739 0.736 0.738 0.740 0.739 0.739 0.737 0.737 0.738 0.736 0.737 0.733 0.736 0.734
88 0.735 0.739 0.739 0.738 0.738 0.737 0.739 0.737 0.738 0.740 0.740 0.738 0.738 0.737 0.738 0.736 0.736 0.733 0.735 0.734
89 0.734 0.738 0.737 0.738 0.738 0.737 0.740 0.737 0.738 0.739 0.740 0.738 0.737 0.736 0.738 0.736 0.737 0.733 0.736 0.736
90 0.735 0.739 0.738 0.738 0.738 0.737 0.739 0.736 0.737 0.739 0.740 0.738 0.738 0.738 0.739 0.736 0.737 0.734 0.736 0.735
91 0.734 0.738 0.739 0.737 0.738 0.735 0.738 0.737 0.737 0.739 0.742 0.737 0.738 0.737 0.738 0.736 0.738 0.733 0.736 0.736
92 0.735 0.738 0.739 0.738 0.738 0.737 0.738 0.736 0.738 0.740 0.741 0.738 0.737 0.737 0.739 0.736 0.737 0.733 0.736 0.736
93 0.736 0.737 0.739 0.738 0.738 0.737 0.738 0.736 0.738 0.740 0.741 0.738 0.738 0.737 0.739 0.737 0.737 0.734 0.736 0.736
94 0.735 0.738 0.739 0.739 0.738 0.737 0.739 0.736 0.738 0.740 0.740 0.737 0.737 0.736 0.739 0.736 0.738 0.733 0.737 0.736
95 0.734 0.737 0.739 0.738 0.738 0.736 0.739 0.736 0.737 0.739 0.741 0.738 0.738 0.738 0.739 0.737 0.737 0.733 0.737 0.737
96 0.735 0.737 0.738 0.740 0.739 0.737 0.739 0.736 0.738 0.740 0.740 0.738 0.738 0.736 0.739 0.736 0.737 0.734 0.738 0.736
97 0.737 0.738 0.739 0.738 0.739 0.737 0.738 0.736 0.739 0.741 0.740 0.738 0.737 0.735 0.739 0.737 0.736 0.733 0.737 0.736
98 0.736 0.737 0.739 0.739 0.738 0.736 0.737 0.736 0.737 0.741 0.740 0.737 0.737 0.737 0.739 0.737 0.736 0.733 0.739 0.736

6387



80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99
Max Train Bin

0 0.562 0.558 0.559 0.560 0.560 0.560 0.559 0.556 0.560 0.559 0.562 0.559 0.560 0.556 0.563 0.560 0.557 0.553 0.568 0.562
1 0.593 0.592 0.594 0.593 0.592 0.592 0.593 0.594 0.590 0.591 0.591 0.593 0.594 0.592 0.592 0.586 0.588 0.587 0.580 0.597
2 0.605 0.605 0.604 0.602 0.602 0.602 0.602 0.603 0.601 0.602 0.603 0.603 0.601 0.606 0.601 0.600 0.597 0.602 0.598 0.583
3 0.619 0.612 0.619 0.617 0.615 0.614 0.617 0.615 0.615 0.617 0.617 0.617 0.616 0.615 0.616 0.614 0.612 0.611 0.610 0.642
4 0.628 0.627 0.624 0.624 0.622 0.627 0.621 0.626 0.627 0.620 0.625 0.625 0.626 0.623 0.623 0.624 0.618 0.623 0.619 0.618
5 0.631 0.638 0.635 0.635 0.633 0.634 0.634 0.636 0.637 0.631 0.634 0.635 0.637 0.632 0.634 0.633 0.630 0.628 0.628 0.632
6 0.640 0.636 0.641 0.638 0.637 0.638 0.638 0.641 0.641 0.637 0.639 0.641 0.642 0.636 0.637 0.638 0.636 0.636 0.623 0.665
7 0.646 0.646 0.643 0.646 0.643 0.641 0.642 0.643 0.643 0.641 0.643 0.643 0.645 0.643 0.640 0.644 0.635 0.638 0.641 0.668
8 0.653 0.648 0.651 0.650 0.649 0.648 0.648 0.650 0.651 0.645 0.650 0.651 0.653 0.645 0.648 0.648 0.644 0.641 0.640 0.652
9 0.662 0.657 0.656 0.657 0.654 0.654 0.654 0.656 0.656 0.654 0.654 0.658 0.659 0.654 0.654 0.654 0.651 0.647 0.653 0.669
10 0.661 0.658 0.660 0.660 0.657 0.659 0.657 0.660 0.659 0.657 0.658 0.660 0.661 0.653 0.656 0.656 0.653 0.649 0.650 0.646
11 0.662 0.660 0.660 0.663 0.662 0.661 0.659 0.663 0.659 0.661 0.661 0.662 0.664 0.656 0.661 0.657 0.656 0.653 0.650 0.641
12 0.667 0.665 0.665 0.665 0.667 0.665 0.665 0.666 0.667 0.666 0.665 0.665 0.666 0.661 0.663 0.662 0.659 0.656 0.652 0.661
13 0.671 0.670 0.670 0.670 0.671 0.668 0.667 0.668 0.668 0.668 0.668 0.669 0.668 0.664 0.665 0.664 0.661 0.662 0.665 0.668
14 0.674 0.673 0.671 0.672 0.674 0.670 0.669 0.673 0.671 0.672 0.669 0.673 0.671 0.671 0.671 0.669 0.666 0.664 0.678 0.655
15 0.679 0.679 0.675 0.678 0.678 0.674 0.674 0.675 0.676 0.675 0.676 0.676 0.677 0.672 0.676 0.673 0.670 0.668 0.668 0.686
16 0.680 0.680 0.677 0.678 0.678 0.679 0.677 0.676 0.678 0.677 0.677 0.677 0.678 0.677 0.677 0.675 0.673 0.671 0.683 0.697
17 0.682 0.684 0.682 0.681 0.682 0.677 0.678 0.679 0.682 0.679 0.680 0.682 0.681 0.680 0.678 0.679 0.676 0.674 0.681 0.692
18 0.687 0.688 0.684 0.683 0.683 0.682 0.682 0.684 0.682 0.683 0.682 0.684 0.682 0.680 0.681 0.680 0.677 0.677 0.678 0.676
19 0.690 0.689 0.687 0.685 0.686 0.683 0.684 0.682 0.685 0.684 0.683 0.686 0.684 0.682 0.682 0.683 0.677 0.675 0.670 0.687
20 0.690 0.690 0.688 0.687 0.686 0.684 0.687 0.684 0.686 0.685 0.685 0.687 0.686 0.683 0.683 0.684 0.679 0.679 0.682 0.697
21 0.691 0.691 0.689 0.689 0.689 0.687 0.687 0.687 0.686 0.689 0.687 0.688 0.687 0.686 0.684 0.687 0.680 0.681 0.675 0.703
22 0.692 0.693 0.689 0.689 0.689 0.689 0.688 0.688 0.689 0.690 0.686 0.688 0.686 0.687 0.686 0.687 0.682 0.684 0.687 0.696
23 0.694 0.694 0.693 0.691 0.692 0.690 0.690 0.690 0.689 0.691 0.689 0.690 0.690 0.690 0.688 0.688 0.684 0.686 0.676 0.682
24 0.693 0.693 0.692 0.692 0.690 0.691 0.690 0.691 0.690 0.690 0.689 0.691 0.689 0.688 0.688 0.689 0.686 0.686 0.684 0.704
25 0.697 0.697 0.695 0.694 0.694 0.691 0.694 0.693 0.693 0.694 0.691 0.694 0.693 0.691 0.691 0.691 0.687 0.688 0.685 0.700
26 0.702 0.701 0.700 0.699 0.697 0.696 0.697 0.695 0.696 0.696 0.695 0.697 0.696 0.696 0.695 0.694 0.692 0.689 0.687 0.690
27 0.699 0.701 0.698 0.697 0.700 0.696 0.697 0.696 0.696 0.697 0.697 0.697 0.698 0.697 0.695 0.696 0.692 0.689 0.688 0.703
28 0.702 0.699 0.700 0.699 0.700 0.697 0.697 0.699 0.697 0.699 0.697 0.698 0.699 0.696 0.695 0.696 0.692 0.690 0.691 0.697
29 0.694 0.694 0.694 0.693 0.693 0.694 0.690 0.693 0.692 0.692 0.693 0.694 0.691 0.691 0.692 0.690 0.689 0.688 0.687 0.692
30 0.697 0.696 0.694 0.694 0.695 0.696 0.693 0.694 0.693 0.694 0.693 0.694 0.692 0.691 0.693 0.692 0.690 0.688 0.684 0.701
31 0.697 0.698 0.696 0.696 0.697 0.695 0.695 0.696 0.695 0.694 0.694 0.696 0.694 0.694 0.694 0.693 0.692 0.691 0.687 0.690
32 0.710 0.711 0.708 0.708 0.708 0.706 0.706 0.704 0.704 0.704 0.706 0.707 0.706 0.705 0.703 0.703 0.698 0.699 0.702 0.708
33 0.712 0.710 0.708 0.711 0.708 0.709 0.707 0.706 0.706 0.706 0.706 0.707 0.706 0.708 0.704 0.704 0.700 0.698 0.705 0.713
34 0.714 0.714 0.710 0.712 0.709 0.710 0.708 0.707 0.708 0.708 0.709 0.707 0.708 0.709 0.707 0.706 0.701 0.703 0.696 0.714
35 0.714 0.712 0.711 0.714 0.710 0.710 0.710 0.708 0.709 0.708 0.709 0.710 0.711 0.711 0.707 0.707 0.702 0.701 0.704 0.713
36 0.712 0.713 0.711 0.710 0.710 0.711 0.710 0.709 0.710 0.707 0.709 0.707 0.710 0.709 0.707 0.704 0.703 0.703 0.705 0.727
37 0.715 0.714 0.713 0.715 0.711 0.712 0.709 0.709 0.710 0.709 0.710 0.710 0.712 0.711 0.709 0.709 0.703 0.705 0.705 0.718
38 0.713 0.712 0.709 0.712 0.711 0.710 0.710 0.708 0.707 0.708 0.708 0.708 0.709 0.709 0.708 0.706 0.703 0.705 0.701 0.715
39 0.715 0.713 0.712 0.713 0.711 0.711 0.711 0.709 0.709 0.708 0.709 0.710 0.713 0.711 0.709 0.709 0.703 0.707 0.700 0.715
40 0.715 0.712 0.711 0.713 0.711 0.711 0.710 0.709 0.711 0.709 0.710 0.710 0.711 0.710 0.709 0.708 0.702 0.706 0.709 0.711
41 0.716 0.715 0.715 0.716 0.713 0.713 0.713 0.711 0.712 0.711 0.711 0.712 0.714 0.713 0.711 0.709 0.703 0.707 0.705 0.715
42 0.715 0.714 0.712 0.715 0.712 0.713 0.713 0.710 0.711 0.710 0.712 0.711 0.713 0.712 0.711 0.710 0.704 0.709 0.707 0.717
43 0.718 0.716 0.714 0.717 0.714 0.714 0.713 0.712 0.713 0.713 0.713 0.714 0.715 0.714 0.713 0.711 0.706 0.711 0.703 0.723
44 0.717 0.715 0.717 0.718 0.713 0.715 0.713 0.713 0.713 0.712 0.715 0.713 0.714 0.714 0.712 0.711 0.706 0.710 0.704 0.715
45 0.718 0.716 0.716 0.719 0.713 0.716 0.715 0.714 0.714 0.713 0.714 0.714 0.716 0.714 0.713 0.712 0.707 0.711 0.707 0.715
46 0.719 0.719 0.716 0.719 0.717 0.716 0.716 0.716 0.717 0.715 0.715 0.715 0.717 0.715 0.713 0.714 0.709 0.711 0.711 0.724
47 0.720 0.720 0.718 0.721 0.717 0.717 0.715 0.717 0.717 0.716 0.717 0.717 0.719 0.717 0.715 0.715 0.711 0.713 0.707 0.724
48 0.722 0.720 0.721 0.721 0.718 0.718 0.717 0.718 0.719 0.717 0.717 0.717 0.719 0.718 0.716 0.718 0.711 0.713 0.710 0.732
49 0.722 0.722 0.720 0.722 0.718 0.718 0.719 0.719 0.719 0.719 0.719 0.719 0.721 0.719 0.717 0.719 0.713 0.714 0.711 0.734
50 0.723 0.721 0.721 0.723 0.717 0.718 0.718 0.718 0.719 0.717 0.720 0.719 0.720 0.719 0.717 0.718 0.713 0.715 0.715 0.728
51 0.723 0.723 0.722 0.723 0.717 0.718 0.720 0.719 0.720 0.718 0.720 0.719 0.720 0.720 0.718 0.718 0.713 0.717 0.720 0.739
52 0.725 0.723 0.721 0.723 0.718 0.719 0.720 0.720 0.721 0.720 0.721 0.720 0.721 0.721 0.718 0.718 0.714 0.714 0.716 0.732
53 0.724 0.722 0.721 0.723 0.718 0.719 0.720 0.721 0.721 0.720 0.721 0.719 0.721 0.721 0.718 0.719 0.715 0.715 0.714 0.734
54 0.724 0.723 0.723 0.723 0.719 0.720 0.720 0.722 0.721 0.721 0.723 0.721 0.723 0.722 0.719 0.719 0.716 0.717 0.715 0.745
55 0.723 0.723 0.723 0.723 0.719 0.719 0.721 0.723 0.722 0.722 0.723 0.722 0.723 0.723 0.720 0.721 0.717 0.718 0.717 0.738
56 0.723 0.724 0.723 0.724 0.719 0.720 0.721 0.722 0.721 0.722 0.722 0.721 0.723 0.722 0.721 0.720 0.716 0.719 0.716 0.732
57 0.723 0.724 0.724 0.723 0.719 0.720 0.721 0.722 0.721 0.722 0.723 0.723 0.724 0.723 0.720 0.721 0.718 0.719 0.712 0.739
58 0.723 0.724 0.724 0.724 0.719 0.721 0.721 0.723 0.722 0.722 0.724 0.723 0.726 0.724 0.721 0.720 0.718 0.719 0.715 0.737
59 0.724 0.724 0.723 0.725 0.720 0.721 0.722 0.724 0.724 0.723 0.725 0.723 0.725 0.723 0.722 0.723 0.719 0.720 0.718 0.738
60 0.724 0.724 0.725 0.725 0.720 0.722 0.721 0.724 0.723 0.723 0.725 0.723 0.725 0.724 0.722 0.722 0.719 0.719 0.717 0.738
61 0.724 0.724 0.724 0.724 0.720 0.721 0.722 0.723 0.723 0.721 0.723 0.724 0.724 0.723 0.722 0.721 0.716 0.720 0.720 0.728
62 0.725 0.726 0.725 0.725 0.721 0.721 0.722 0.724 0.722 0.724 0.724 0.724 0.725 0.724 0.723 0.722 0.719 0.722 0.718 0.730
63 0.725 0.725 0.726 0.726 0.721 0.721 0.723 0.725 0.723 0.724 0.725 0.725 0.726 0.725 0.723 0.723 0.719 0.721 0.723 0.734
64 0.725 0.726 0.726 0.725 0.722 0.721 0.723 0.725 0.724 0.723 0.725 0.725 0.725 0.724 0.723 0.723 0.719 0.722 0.722 0.738
65 0.724 0.726 0.727 0.726 0.723 0.723 0.723 0.727 0.723 0.726 0.727 0.727 0.729 0.727 0.724 0.725 0.723 0.724 0.722 0.749
66 0.725 0.726 0.727 0.726 0.723 0.724 0.723 0.727 0.723 0.726 0.727 0.726 0.727 0.727 0.725 0.725 0.722 0.724 0.716 0.745
67 0.725 0.726 0.726 0.726 0.725 0.726 0.726 0.728 0.724 0.726 0.727 0.727 0.728 0.728 0.725 0.726 0.723 0.724 0.717 0.749
68 0.725 0.727 0.728 0.727 0.725 0.724 0.724 0.727 0.723 0.726 0.728 0.727 0.728 0.728 0.725 0.726 0.723 0.724 0.714 0.751
69 0.725 0.727 0.727 0.727 0.725 0.724 0.726 0.727 0.723 0.725 0.728 0.727 0.728 0.728 0.725 0.727 0.725 0.726 0.715 0.752
70 0.726 0.726 0.727 0.726 0.724 0.725 0.726 0.728 0.723 0.725 0.730 0.727 0.729 0.729 0.725 0.727 0.723 0.725 0.719 0.751
71 0.728 0.727 0.728 0.727 0.724 0.723 0.725 0.728 0.724 0.725 0.730 0.727 0.729 0.730 0.726 0.726 0.724 0.724 0.714 0.756
72 0.728 0.726 0.728 0.726 0.724 0.725 0.727 0.727 0.723 0.725 0.729 0.727 0.729 0.728 0.726 0.728 0.725 0.727 0.718 0.755
73 0.729 0.727 0.728 0.727 0.725 0.724 0.726 0.727 0.724 0.725 0.729 0.727 0.730 0.729 0.726 0.727 0.726 0.727 0.718 0.755
74 0.728 0.726 0.730 0.728 0.724 0.725 0.726 0.727 0.724 0.725 0.730 0.727 0.729 0.729 0.727 0.727 0.726 0.727 0.718 0.751
75 0.728 0.726 0.727 0.726 0.723 0.724 0.726 0.726 0.724 0.723 0.729 0.727 0.729 0.728 0.725 0.727 0.723 0.726 0.719 0.741
76 0.728 0.727 0.726 0.727 0.724 0.725 0.725 0.726 0.723 0.724 0.730 0.727 0.730 0.727 0.726 0.727 0.723 0.726 0.717 0.741
77 0.728 0.726 0.727 0.728 0.723 0.724 0.724 0.727 0.724 0.723 0.729 0.727 0.730 0.727 0.725 0.727 0.724 0.725 0.716 0.739
78 0.727 0.727 0.728 0.727 0.722 0.724 0.725 0.726 0.724 0.723 0.729 0.728 0.729 0.728 0.725 0.727 0.723 0.727 0.717 0.739
79 0.725 0.725 0.726 0.727 0.723 0.723 0.724 0.725 0.723 0.723 0.728 0.725 0.728 0.726 0.725 0.726 0.723 0.724 0.716 0.744
80 0.733 0.725 0.727 0.727 0.723 0.723 0.725 0.727 0.724 0.723 0.730 0.727 0.730 0.728 0.726 0.727 0.725 0.727 0.718 0.738
81 0.735 0.733 0.728 0.726 0.723 0.724 0.724 0.727 0.724 0.723 0.731 0.727 0.730 0.729 0.728 0.728 0.725 0.726 0.716 0.742
82 0.737 0.734 0.735 0.726 0.726 0.726 0.726 0.729 0.727 0.726 0.732 0.727 0.732 0.732 0.729 0.730 0.730 0.729 0.722 0.763
83 0.737 0.733 0.735 0.735 0.726 0.726 0.726 0.728 0.728 0.728 0.733 0.728 0.732 0.731 0.731 0.730 0.730 0.730 0.720 0.759
84 0.738 0.735 0.736 0.736 0.736 0.726 0.726 0.728 0.728 0.727 0.732 0.729 0.731 0.731 0.729 0.730 0.731 0.731 0.716 0.766
85 0.737 0.736 0.737 0.736 0.736 0.734 0.726 0.729 0.728 0.727 0.732 0.728 0.731 0.730 0.730 0.730 0.731 0.731 0.719 0.763
86 0.738 0.735 0.736 0.736 0.735 0.734 0.733 0.727 0.726 0.726 0.732 0.729 0.732 0.730 0.731 0.730 0.730 0.732 0.719 0.762
87 0.738 0.734 0.737 0.736 0.735 0.734 0.733 0.735 0.726 0.726 0.732 0.729 0.732 0.730 0.731 0.731 0.730 0.731 0.722 0.768
88 0.739 0.736 0.737 0.737 0.736 0.736 0.734 0.736 0.734 0.726 0.732 0.729 0.732 0.731 0.731 0.731 0.731 0.732 0.723 0.755
89 0.738 0.735 0.737 0.737 0.736 0.736 0.735 0.735 0.734 0.735 0.731 0.728 0.732 0.731 0.731 0.731 0.731 0.733 0.722 0.759
90 0.739 0.737 0.737 0.737 0.736 0.736 0.735 0.736 0.735 0.736 0.740 0.729 0.731 0.731 0.730 0.732 0.731 0.733 0.724 0.746
91 0.740 0.737 0.738 0.738 0.736 0.737 0.736 0.736 0.736 0.736 0.741 0.738 0.731 0.731 0.731 0.731 0.731 0.734 0.724 0.744
92 0.740 0.738 0.738 0.738 0.736 0.736 0.736 0.736 0.735 0.736 0.740 0.739 0.738 0.731 0.731 0.732 0.731 0.734 0.726 0.749
93 0.740 0.738 0.738 0.738 0.737 0.738 0.737 0.736 0.736 0.737 0.742 0.739 0.740 0.738 0.731 0.732 0.731 0.734 0.723 0.756
94 0.740 0.738 0.738 0.738 0.737 0.738 0.736 0.737 0.735 0.735 0.741 0.739 0.739 0.738 0.738 0.731 0.731 0.734 0.724 0.758
95 0.741 0.739 0.738 0.740 0.737 0.738 0.738 0.736 0.737 0.737 0.743 0.740 0.740 0.739 0.739 0.738 0.732 0.735 0.723 0.765
96 0.740 0.737 0.738 0.737 0.736 0.738 0.736 0.736 0.736 0.736 0.741 0.739 0.738 0.738 0.738 0.736 0.738 0.733 0.722 0.748
97 0.740 0.737 0.739 0.738 0.737 0.738 0.736 0.737 0.736 0.736 0.741 0.739 0.738 0.737 0.738 0.736 0.737 0.740 0.719 0.748
98 0.739 0.738 0.739 0.737 0.736 0.737 0.737 0.737 0.736 0.736 0.741 0.738 0.738 0.737 0.739 0.736 0.737 0.738 0.737 0.745

Table 4: ProNE Cumulative Forecasting Results
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