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ABSTRACT

The present study investigates the relationship between two features of depen-
dencies, namely, dependency distances and dependency frequencies. The study is
based on the analysis of a parallel dependency treebank that includes 10 Indo-
European languages. Two corresponding random dependency treebanks are gen-
erated as baselines for comparison. After computing the values of dependency
distances and their frequencies in these treebanks, for each lan-guage, we fit four
functions, namely quadratic, exponent, logarithm, and power-law func-tions, to its
original and random datasets. The preliminary result shows that there is a rela-tion
between the two dependency features for all 10 Indo-European languages. The
relation can be further formalized as a power-law function which can distinguish
the observed data from randomly generated datasets.

1. Introduction

Dependency distance is the linear distance between a word and its head (Futrell
et al,, 2015; Hudson, 1995; Liu et al,, 2017; Temperley, 2007)." It becomes a
popular topic in quantitative linguistics because it has a rather clear definition
and it is very easy to quantify. Dependency distance can be calculated as the
difference of the word ID and its governor’s ID in a CoNLL style dependency
treebank (Buchholz & Marsi, 2006). Furthermore, the development of large-
scale dependency treebanks provides more and more datasets for dependency
distance analysis. Therefore, the interest of it has constantly grown.

One of the most important and interesting outcomes is probably the
dependency distance minimization phenomena. Liu (2008) and Futrell et
al. (2015) investigated the distributions of dependency distance in different
languages and they discovered that there is a universal trend of minimizing
the dependency distance in human languages. A well-accepted interpretation
of this phenomenon is that dependency distance is somehow connected to
the short-term memory (or working memory) of human beings and the least
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effort principle (Zipf, 1949) as well. More specifically, a long dependency
distance is more difficult or inefficient to process because it requires more
memory storage. Consequently, in order to lower the processing difficulty
and improving communication efficiency, short dependencies are in
favoured according to the least effort principle.

Despite the significant success of dependency distance minimization stu-
dies, there are still some gaps to be filled. One of them is the neglected value of
individual dependencies. Current dependency minimization studies or asso-
ciated studies (Futrell et al, 2015; Liu, 2008; Liu et al., 2017) are mainly
focusing on the mean dependency distance per sentence rather than every
single dependency in a dataset. No doubt that mean dependency distance is a
valuable sentence-related (or tree-related) feature to observe. Especially when
the studies discuss other tree-related features such as tree heights and widths,
mean dependency distance is a more easily comparable feature than a group of
individual dependency distances. However, studies also show that individual
dependency distances (Liu, 2010; Chen & Gerdes, 2017, 2018) provide more
details of the fluctuation than the average, which would level-up differences of
dependencies in a sentence. It deserves more attention and discussions.

Therefore, our study here is trying to pick up the missing detail of
previous studies by investigating two features of individual dependencies.
Distance and frequency are two of the most objective features of each
dependency link and they are both easy to quantify. Since we know that
natural languages have the tendency to minimize the dependency distance,
we would expect much more short distances rather than long distances in
dependency links. In other words, the two features of individual frequencies,
distance, and frequency, should be inversely related and probably can be
formulated as a function. Chen and Gerdes (2019) tested four functions on
an English treebank and their results show that the relationship between
these two features for English can be formulated as either an exponential or a
power-law function. In this study, we would like to investigate that whether
such a claim can hold on for other Indo-European languages. To be more
specific, we would like to find out for other Indo-European languages,
whether the relationship between distance and frequency of individual
dependencies can also be formulated as functions. Hereby, our hypothesis is:

e For Indo-European languages, the relation between distance and fre-
quency can be formulated as a function.

The paper is structured as follows. Section 2 describes the data set, the
Parallel Universal Dependencies (PUD) treebank of Surface-syntactic
Universal Dependencies (SUD) treebanks (Gerdes et al., 2018, 2019), and
Section 3 presents our method of analysis and introduces our random
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baselines. Section 4 is dedicated to the empirical results and discussions.
Finally, Section 5 presents our conclusions.

2. Material

Universal Dependencies (UD) is a project of developing a cross-linguistically
consistent treebank annotation scheme for many languages, with the goal of
facilitating multilingual parser development, cross-lingual learning, and parsing
research from a language typology perspective. This collaborative project
involves dozens of research groups around the world, proposing treebanks
based on a universal scheme for more than 80 languages from different language
families (De Marnefte & Nivre, 2019; Nivre et al., 2019). It is the largest treebank
collection with the best language coverage at present. Furthermore, all UD
Treebank data is fully open and accessible to everyone. These features made
UD one of the most popular data resources for empirical linguistics studies.

For the current paper, we choose to use the Surface-syntactic Universal
Dependencies (SUD) treebanks. SUD is an annotation scheme for syntactic
dependency treebanks, near isomorphic to UD (Gerdes et al., 2018). Contrary
to UD, it is based on syntactic criteria (favouring functional heads) and the
relations are defined on distributional and functional bases. As a result, SUD
corrects the artificially long dependency distances of UD into a more standard
syntactic analysis based on distributional criteria (Osborne & Gerdes, 2019;
Yan & Liu, 2019). For a study on dependency distances, it is thus important to
use SUD treebanks instead of UD, so as not to measure idiosyncrasies of the
dependency scheme. Meanwhile, just as UD, SUD treebanks are also fully open
which allows easy replication and validation of the experiments.

Specifically, the material we use for the present paper is the Indo-
European language datasets of Parallel Universal Dependency (PUD) tree-
bank in SUD (transformed from UD 2.3). PUD is a parallel treebank created
for the CoNLL 2017 shared task on multilingual parsing (Zeman et al., 2017).
It covers a wide range of languages and includes 10 different Indo-European
language datasets, namely, Czech, English, French, German, Hindi, Italian,
Portuguese, Russian, Spanish, and Swedish. For each language dataset, there
are 1000 aligned sentences that are randomly taken from the news and from
Wikipedia.” Since PUD is a parallel treebank with good language coverage, it
is a suitable data resource for the present study.

3. Method

We first compute the dependency distance for every single dependency in the
treebank except the root relation. The dependency distance is computed as
the absolute difference between the word ID and its head’s word ID. For
instance, in Figure 1, there are 4 dependencies. We would take three of them
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Figure 1. Example dependency tree in SUD analysis.

into account, leaving aside the root dependency. The dependency distances
of these three dependencies are: abs (1-2) = 1 (for subj), abs (4-2) = 2 (for
comp), and abs (3-4) = 1 (for det).

After computing all the dependency distances of the treebank, we then
count the frequencies of each distance, i.e. we count how many dependencies
with distance 1 occurred in the treebank, how many dependencies with
distance 2 occurred, and so on. We then try to formulate the relation into
a function. We will fit different functions to see which one describes the
empirical data best. In other words, we try to see whether our data can be
fitted by functions.

For each language dataset, we also introduce two random baselines to see
whether we can observe similar phenomenon in random dependency trees.
There are different ways to make random dependency trees. What we applied
in this study is a simple random algorithm that keeps the links and labels (such
as subject, object, and etc.) between words but just randomly reorder the linear
positions of words for each sentence (Courtin & Yan, 2019). By doing so, we
can get random trees that share the same tree structure with the original tree
but have different linear distances between words. For the first random base-
line, we generate a random dataset without any constraints and then repeat the
analysis for distances and frequencies. As for the second baseline, we first
generate a projective (Lecerf, 1960) random dataset which means we randomly
reorder the words in a way that keeps the sentence’s dependencies projective
(non-crossing). Projectivity is a key feature of dependency trees that holds true
for most dependencies in natural languages with well-known exceptions such
as wh-movement in English. We add projectivity as a constraint to our random
trees in order to produce a more controlled baseline. We then repeat the same
analysis for this projective random dataset. We expect the projectivity random
dataset (PRD) to have greater similarity with the original dataset than the
purely random dataset (RD).
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Figure 2. Scatter plot of dependency distance and frequency of 10 Indo-European
language datasets.

4. Results and Discussion

Figure 2 presents on a logarithmic scale the relationship between dependency
distance and frequency for the 10 Indo-European language datasets in PUD
as well as their baselines.
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For a more accurate analysis, we then tried to fit four functions, namely
quadratic, exponent, logarithm, and power-law functions to the origianl
datasets, RD, and PRD. These functions are commonly seen in empirical
studies. Especially, exponent and power-law functions are frequently applied
in linguistics (Baixeries et al., 2013; Macutek et al, 2017; Wimmer &
Altmann, 1999; Chen & Gerdes, 2019). The corresponding specific equations
for the four functions are

y=ax*+bx+c (1)
y = ab” )
y=aln(x) +b (3)
y=ax"? ()

With y being the observed frequency, x being the observed distance, g, b and
¢ are empirical parameters.

Although there are different ways of measuring the goodness-of-fit
(Macutek & Wimmer, 2013), we choose to use the most common Pearson
chi-square goodness-of-fit test to evaluate the fitting results in this study. The
formula of the test is defined as

n - )2

with f; being the observed frequency of the value i, P; being the expected
probability of the value i, n being the number of different data values and N
being the sample size. The obtained empirical parameters and R* are pre-
sented in Table 1.’

The R results of original datasets show that quadratic and logarithm
models do not provide satisfying results. The observed language samples can
indeed be formulated as a power-law function. However, it seems that an
exponent regression also fits to the data well. We conduct a Pair T-test for
mean to the R” values of these two models. The result show that there is no
significant difference between two groups (p = 0.28, > 0.01), which means that
we cannot decide which model is better for our samples. This is a very common
issue in quantitative linguistic studies (Baixeries et al., 2013). In many situa-
tions, both exponent and power-law models can describe the data fluctuation
reasonably well. Our provided solution here is to introduce baselines for
comparison. Random treebanks (or random baselines) are less human-like
comparing to the original datasets. If one model fits the random treebanks as
well as the original datasets, it means the model may represent something very
general rather than human language specific features. In reverse, if one model
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fits the original datasets better than the random treebanks, then the model
catches up some human language features which do not exist in the random
datasets. Therefore, we can cautiously claim that such a model is better suited
to represent the relation between dependency distance and frequency.

For the two random treebank variations, RD and PRD, we replicate the
same computation for the frequency and dependency distance, see
Appendix. Similarly, we fit both exponent and power-law models to the
data points, see Table 2 for results.

There are several interesting points in the obtained results. First, for all 10
languages, the exponent model fits to RD well and the power-law model does
not. This means that we could distinguish an original natural language treebank
from its corresponding random treebank according to how well the power-law
model fits to the relationship of dependency distances and their frequencies. In
other words, the power-law model is a better option to represent the relation
between dependency distance and frequency in natural language, although the
exponential model could also describe the original datasets well.

Second, when we add the projectivity restriction, the fitting results of
PRD, a controlled baseline, seems more ‘human language’ like. Similar to the
original datasets, both exponent and power-law models fit to PRD well and
there are no significant differences between the R* values of these two models
(Pair T-test for mean, p = 0.06, > 0.01). However, if we compare the empirical
parameters a, b, and R? of PRD to their corresponding values of the original
datasets, we can find differences. The result of the Pair T-test for mean shows
that the differences between the R* of PRD and the original datasets for
exponent model fitting are significant (p = 0, < 0.01). There are also sig-
nificant differences between the empirical parameters a and b of PRD and the
original datasets (both a and b, p = 0, < 0.01). The same holds for the R?
power-law fitting results (for all a, b, and R, p =0, <0.01). This means that
we can distinguish an original treebank from its corresponding projective
random treebank according to the exact values of the parameters a, b or R* of
the exponent model or the power-law model.

5. Conclusion

Our results are coherent with our hypothesis that there is indeed a relation
between dependency distance and frequency. However, it is not very clear
which model, namely exponent or power-law model, is better suited for
describing the observed datasets.

The results in Table 1 show that for the original nature datasets, this
relation can be formulated as either a power-law function or an exponent
function. There are no significant differences between the goodness-of-fit
results, R?, of these two models for 10 different Indo-European languages.



JOURNAL OF QUANTITATIVE LINGUISTICS . 9

00°L 9L ¥71'8596 00°L L¥'0 €0'89¢€€C [eubLo

L6'0 L0°L (A 474 660 00 09'6169 ayd

SL°0 99°0 €5°96¥%¢C 660 680 €0'99¢¢ ad ysipams

660 €L'L 6L v6¥CL 00°L LE0 ¥0'0€CEE [eulbuo

L6'0 oL'L 79'€189 860 890 95°€506 ayd

VL0 90 LL°6¥9C 660 160 442144 ay ysiueds

660 o'l 68'8LL6 00°'L 0t'0 £5T86€T |eutbuQ

L6'0 90°L L09CYS 660 00 049589 ayd

LL°0 990 6°1€ST 660 06'0 €£°99CC ay ueissny

660 vl £L0°0¥STL 00°L LE0 L1°99vEe [eubuo

L6'0 60°L 19'6189 660 890 9’'LE06 ayd

VL0 ¥9'0 08'759¢ 660 160 ¥6'€SCC ay 9sanbnuod

660 0L oovLscl 00°L 6€0 8C'¥00CE [eutbuo

L6'0 80°L 8L/LLL9 660 690 €€°0788 ayd

€0 €90 ¥8'919¢C 660 60 L0'Lcce ay ueljey

00°L 144 SSv6Cel 660 €C0 04719885 [eublio

660 60°L £9°0£59 S6°0 £90 5°€6/8

€L0 190 08'719¢ 660 60 VAR 744 IPUIH

660 LE'L LT°0598 660 150 ¥8'¢8791

960 60 PE6LLS 860 90 L¥'6895

L0 79'0 65°095¢C 660 160 LEBYTT uewan

660 L 8r'8LTElL 00'L 8€°0 89'88/¥¢E [eutbuo

L6'0 60°'L L6¥9LL 660 890 9€'0056 ayd

€£0 90 89'799C 660 60 SL1STT ay Youaiy

660 8G°L S9¥8€0L 660 €70 £9'CS9€C [eutbuo

L6'0 So'L 91°1€8S 860 120 8C'8YCL ayd

L0 S9°0 6C'S09¢C 660 060 0L'v6ccC ad ys|bu3

00°'L LS'L €£°7668 660 134Y ¥£'€5€0C [eutbuo

960 70l €C°5605 660 L0 66°L879 ayd

9,0 £90 07'90S¢ 660 680 18'6LCC ad Y2325
A q e 4 q e abenbue

MeT-19Mod jusuodx3

"Qyd pue gy Jo synsai Y pue siv)dweled eduidwy -z s|qeL



10 e X. CHEN AND K. GERDES

For figuring out which model is better for representing the relation, we
introduce two random baselines. By randomly reordering the words in a
sentence, while preserving the words’ dependencies, we generate random
datasets for corresponding language treebanks: PRD with and RD without
the projectivity restriction, in which PRD possesses a more ‘natural’ structure
reproducing more closely the rarity of non-projective relations. We replicate
the exponent and power-law fitting analysis on these twenty random tree-
banks and compare the results with the obtained results of original datasets.
We found that we can distinguish the original language treebanks from their
corresponding RD by looking at the results of goodness-of-fit. To be more
specific, the power-law model fits to the original datasets well while it does
not fit to RD. Meanwhile, both the original datasets and the RD fit exponent
models well. In other words, a power-law model can be used to tell apart a
natural language treebanks from their corresponding RD and it performs
better than the exponent model in this specific task.

As for the analysis of the more ‘natural’ baseline PRD, the situation is
different from that of RD. We can no longer distinguish the original language
treebanks from their corresponding PRD by simply looking at how good the
fitting results are. The R” values from Table 2 indicate that both models can
describe the original datasets and the PRD well. However, we can find
significant differences between these two groups of datasets concerning the
values of parameters and the exact R* values both from power-law and
exponent fitting results. Meanwhile, we cannot decide which model is better
suited for describing the original language treebanks as in the previous
experiment, since these two models have a similar performance in this
task. It is important to mention that, our result here is different from the
pilot study of Chen and Gerdes (2019). Their analysis of English shows that
the power-law model fits to the original language datasets better than the
PRD. The differences might be caused by different fitting methods and tools.
Chen and Gerdes (2019) transformed the functions into linear functions and
carried out the fitting analysis with R. We do not make such transformations
in the current study and we directly conduct the regressions with NLREG.
We believe that this might by the reason why we obtain better fitting results
for power-law model when we analyse PRD.

In summary, we would like to cautiously draw the conclusion here that the
power-law model is possibly a better choice for representing the relation
between dependency distance and frequency for Indo-European languages.
This conclusion is coherent with that of the English pilot study (Chen &
Gerdes, 2019). In the near future, we would like to strengthen the current
study in two directions. First, we would like to replicate this study for non-
Indo-European languages and see whether we can make further general-
izations. Second, we would like to introduce more controls, such as depen-
dency types, into the analysis.
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Notes

1. Hudson’s original measures takes two adjacent words to have distance zero.
We prefer the alternative definition where x = y [1 d(x,y) = 0, i.e. a word has
distance zero with itself, making the measure a metric in the mathematical
sense.

2. For more detailshttps://github.com/UniversalDependencies/UD_English-
PUD.

3. All parameter values in the models were obtained by NLREG (version 6.3). The
same below.
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Appendix

The table shows the complete dependency distance frequency data from the SUD
version of 10 Indo-European PUD treebanks.

Language Distance Original PRD RD Language Distance Original PRD RD
Czech 8882 4732 1877 English 1 10236 5451 1893

—_

2 3505 3079 1714 2 4157 3422 1800
3 1673 2027 1621 3 1887 2311 1610
4 912 1493 1500 4 924 1653 1566
5 529 1162 1389 5 544 1261 1470
6 395 867 1205 6 412 970 1350
7 260 719 1114 7 292 797 1245
8 221 573 936 8 209 679 1071
9 147 470 921 9 192 545 1051
10 156 374 775 10 177 435 946
1 137 315 719 1 139 396 830
12 112 270 590 12 133 282 740
13 90 236 498 13 98 263 640
14 86 189 471 14 96 269 577
15 85 171 377 15 97 189 524
16 59 142 301 16 72 206 461
17 59 132 258 17 52 143 387
18 50 83 214 18 71 139 305
19 34 95 200 19 52 108 291
20 31 69 164 20 47 90 259
21 29 73 133 21 43 87 195
22 25 59 130 22 50 81 174
23 24 44 108 23 27 67 128
24 22 46 87 24 18 50 108
25 13 31 49 25 26 48 88
26 17 21 66 26 24 47 79
27 6 28 40 27 22 43 74
28 13 28 32 28 1 27 55
29 1 1 21 29 18 26 49
30 8 15 20 30 12 18 46
31 5 9 16 31 3 13 27
32 3 12 15 32 5 I} 27
33 1 7 15 33 2 9 25
34 1 7 8 34 5 12 15
35 0 7 8 35 3 5 14
36 1 3 5 36 5 6 1"
37 1 4 3 37 4 3 8
38 0 0 3 38 2 4 8
39 3 2 1 39 2 1 5
40 1 3 1 40 1 2 3
41 0 0 1 41 1 1 3

(Continued)
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(Continued).

)
(w)

Language Distance Original PRD RD Language Distance Original PRD

42 2 1 0 42 0 1 3
43 0 0 1 43 1 0 3
44 0 1 2 44 0 0 2
45 1 0 0 45 1 0 1
46 0 0 1 46 0 0 2
47 0 1 0
48 0 2 2
49 1 0 2
50 0 0 2
51 0 1 1
53 1 0 0
55 0 1 0
56 1 0 0

x
(=]

Language Distance Original PRD RD Language Distance Original PRD

French 1 13120 6722 1889 German 1 8461 4726 1857
2 5044 4224 1801 2 4029 3065 1768
3 1547 2669 1656 3 1997 2197 1657
4 817 1821 1681 4 1096 1711 1566
5 500 1303 1440 5 813 1337 1393
6 403 1069 1421 6 692 1051 1297
7 31 855 1326 7 562 904 1232
8 241 673 1209 8 431 767 1115
9 210 532 1198 9 333 644 1023
10 164 464 1076 10 297 519 938
1 133 418 970 I} 230 470 772
12 134 348 858 12 202 411 698
13 126 355 809 13 173 337 735
14 110 282 736 14 162 335 600
15 102 243 656 15 123 271 517
16 85 192 566 16 95 230 488
17 80 178 522 17 92 200 422
18 87 179 473 18 89 174 322
19 65 150 440 19 66 160 304

20 54 132 391 20 52 135 255
21 45 18 379 21 42 102 232
22 37 106 277 22 33 97 188
23 43 98 273 23 42 66 162
24 30 85 208 24 29 70 142
25 27 54 215 25 23 52 17
26 26 59 174 26 26 41 99
27 25 55 157 27 30 49 93
28 19 54 146 28 20 34 54
29 30 48 102 29 19 32 54
30 17 29 81 30 10 31 50

(Continued)
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(Continued).

Language Distance Original PRD RD Language Distance Original PRD RD

31 8 28 96 31 1" 19 34
32 16 27 79 32 4 23 34
33 9 18 7l 33 10 14 16
34 12 26 58 34 5 8 15
35 8 21 46 35 2 4 14
36 8 14 52 36 3 6 6
37 8 9 35 37 5 8 13
38 5 1 28 38 2 4 12
39 5 12 21 39 2 4 5
40 3 9 24 40 2 1 3
41 3 Il 20 41 3 2 5
42 5 4 9 42 0 2 5
43 3 6 1 43 2 2 5
44 0 3 1 44 1 1 4
45 0 2 6 45 1 1 0
46 1 0 1 46 0 3 1
47 3 5 7 47 1 0 1
48 0 2 4 49 0 3 0
49 1 1 1 50 1 0 1
50 1 1 1 51 1 1 1
51 2 3 4 53 0 1 0
52 0 2 1

53 1 3 3

54 0 1 1

56 0 0 2

57 0 0 2

Language Distance Original PRD RD Language Distance Original PRD RD

Hindi 1 13350 6395 1869 Italian 1 12351 6336 1838
2 2646 3390 1755 2 4889 4032 1760
3 1172 2079 1695 3 1510 2556 1691
4 814 1582 1583 4 782 1756 1592
5 642 1171 1533 5 517 1294 1489
6 515 1034 1393 6 386 1069 1459
7 469 913 1296 7 325 820 1223
8 426 712 1142 8 236 658 1200
9 401 678 1124 9 188 531 1028
10 340 584 1056 10 192 506 1003
1 269 560 934 I} 159 398 915
12 297 485 889 12 142 355 901
13 207 422 758 13 133 335 800
14 201 371 707 14 107 264 698
15 156 316 604 15 86 223 605
16 145 303 609 16 78 214 566
17 122 262 509 17 84 172 536

(Continued)
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(Continued).

Language Distance Original PRD RD Language Distance Original PRD RD

18 93 217 474 18 64 161 439
19 83 194 374 19 60 139 419
20 77 160 352 20 59 128 351
21 78 156 304 21 39 108 308
22 44 126 279 22 39 93 288
23 62 104 250 23 29 71 222
24 34 105 194 24 34 72 196
25 29 75 182 25 26 60 168
26 26 66 150 26 30 58 138
27 17 53 122 27 32 47 137
28 26 59 100 28 26 37 13
29 15 33 104 29 20 31 94
30 10 40 81 30 19 37 87
31 14 31 67 31 13 23 69
32 6 22 60 32 9 18 63
33 6 25 56 33 7 21 54
34 6 18 36 34 15 14 40
35 2 10 38 35 7 20 43
36 6 10 35 36 4 10 32
37 6 6 29 37 6 6 36
38 7 8 17 38 4 5 21
39 2 14 15 39 3 6 18
40 0 6 10 40 2 4 21
41 1 7 8 4 1 3 12
42 2 4 8 42 5 7 9
43 2 5 7 43 2 4 1"
44 0 2 4 44 1 4 4
45 0 5 5 45 0 3 5
46 1 1 2 46 2 2 6
47 0 4 2 47 1 2 7
48 1 1 3 48 3 0 2
49 0 2 0 49 0 2 0
50 0 1 2 50 0 3 0
51 1 0 2 51 0 1 2
52 0 2 0 52 0 3 2
58 0 0 1 53 1 0 1
54 0 1 1
55 0 1 0
56 0 2 1
57 0 0 1
58 0 0 2
61 0 1 1

(Continued)
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(Continued).

Language Distance Original PRD RD Language Distance Original PRD RD

62 0 1
63 1 1 0
65 0 1 0

Language Distance Original PRD RD Language Distance Original PRD RD

Portuguese 1 12410 6419 1895 Russian 1 9673 5069 1949
2 4634 3928 1782 2 3707 3221 1671
3 1396 2563 1664 3 1450 2128 1526
4 839 1760 1587 4 835 1491 1591
5 514 1270 1464 5 516 1127 1372
6 394 998 1334 6 361 914 1243
7 286 755 1307 7 308 693 1173
8 247 666 1254 8 187 575 1006
9 201 511 1090 9 186 501 886
10 178 478 1009 10 139 411 853
1" 155 379 890 1" 153 336 697
12 127 339 842 12 107 289 649
13 113 290 730 13 103 230 563
14 84 261 684 14 98 198 454
15 91 223 619 15 64 184 422
16 84 196 568 16 75 165 370
17 74 189 478 17 59 135 339
18 62 144 415 18 46 12 247
19 70 128 394 19 49 94 215
20 46 116 331 20 26 74 196
21 43 99 282 21 39 70 163
22 48 81 271 22 34 50 123
23 33 81 211 23 22 60 123
24 25 72 193 24 16 36 113
25 25 68 151 25 15 46 74
26 24 50 134 26 22 30 64
27 34 49 146 27 17 25 52
28 22 33 112 28 11 23 52
29 13 41 102 29 7 13 35
30 13 17 68 30 6 1 38
31 1 26 54 31 5 8 25
32 8 20 41 32 5 10 17
33 8 16 47 33 4 7 15
34 8 18 28 34 4 6 15
35 4 13 32 35 1 7 7
36 1 12 19 36 1 5 4
37 6 9 33 37 1 2 5
38 4 5 27 38 2 0 4
39 2 8 1 39 3 1 5
40 4 7 12 40 1 1 0

(Continued)
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(Continued).

Language Distance Original PRD RD Language Distance Original PRD RD
41 5 41 1
42 42
43 43
44 44
45 46
46 47
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
63

o T Y o SN
o O O = N =
- = N O O N

- O 0O 0O 0O OO0 O = = 00 00 = = 0 —= O Ww
- O = = O 0O 0O OO0 O —= O = OO A~ANWNULL =L
O = = O = = = N = = O = b N =N U1l W Wwo N v

o

Language Distance Original PRD RD Language Distance Original PRD RD

Spanish 1 12358 6407 1927 Swedish 1 9555 5122 1821
2 4673 3990 1722 2 3587 3082 1768
3 1369 2442 1648 3 1679 2140 1608
4 827 1725 1610 4 767 1521 1488
5 482 1296 1515 5 446 1149 1399
6 364 970 1392 6 331 874 1240
7 318 782 1344 7 241 667 1138
8 234 711 1195 8 181 541 1040
9 216 555 1050 9 154 466 936
10 188 448 974 10 145 405 822
1 144 384 934 1 127 334 719
12 124 317 825 12 115 265 649
13 109 258 783 13 94 247 549
14 105 272 651 14 83 210 485
15 93 210 607 15 71 160 383
16 75 190 559 16 73 127 340
17 70 162 463 17 48 125 292
18 58 151 399 18 56 100 255
19 56 123 365 19 47 89 196
20 58 13 333 20 41 74 190
21 35 116 318 21 22 57 142

(Continued)
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(Continued).

Language Distance Original PRD RD Language Distance Original PRD RD

22 40 85 250 22 40 49 124
23 38 81 212 23 33 46 77
24 46 83 181 24 24 45 90
25 24 68 172 25 15 35 65
26 41 53 145 26 18 25 49
27 17 46 113 27 20 17 37
28 17 49 92 28 15 22 33
29 20 36 77 29 6 14 22
30 16 23 75 30 10 1" 21
31 4 16 50 31 5 14 18
32 17 18 40 32 0 7 20
33 9 15 39 33 3 5 12
34 9 15 38 34 4 8 7
35 7 19 27 35 5 6 10
36 2 1 24 36 4 8 5
37 5 8 25 37 3 1 6
38 3 3 12 38 1 0 4
39 1 3 14 39 1 2 3
40 3 3 1 40 2 1 3
41 1 4 14 41 0 1 3
42 3 4 14 42 0 0 2
43 3 5 14 44 0 0 1
44 0 2 5 45 0 1 0
45 1 4 2 47 0 0 1
46 0 1 7 48 1 0 1
47 0 2 6 49 0 1 0
48 0 1 5 50 1 0 0
49 0 1 1

50 1 1 0

51 0 2 1

52 1 0 1

54 0 0 2

56 1 0 2

58 0 1 0

59 1 0 1

61 0 1 1

62 0 1 0
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