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Abstract

This thesis explores a variety of methods of text quantification applicable in the field of
educational text technology. Besides the cohort of existing linguistic, lexical, syntactic, and
semantic text quantification methods, additional methods based on Bidirectional Encoder Rep-
resentations from Transformers (BERT) are introduced and analysed. The model, developed
in this thesis, is tested on a multilingual data composed of task descriptions used in Test of
Understanding in College Economics (TUCE). Quantitative features extracted from raw tex-
tual data are analysed using an array of evaluation methods with the goal of finding the best
predictors of the target variable - the rate of correct student responses in TUCE.
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1. Introduction

The introduction of BERT (Devlin et al., 2018) made a great impact on the field of the Natural
Language Processing (NLP). It improved the results on a variety of NLP tasks considerablyf.
BERT, as a Transformer (Vaswani et al., 2017) based deep neural network consisting of mul-
tiple layers and millions of parameters, allows to capture long(er) range intratextual depend-
encies (e.g. dependencies between parts of the text such as tokens, sentences, or paragraphs)
by applying two kinds of attention mechanisms - the encoder-decoder attention (Bahdanau,
Cho and Bengio, 2014) and a multi-head self-attention (Cheng, Dong and Lapata, 2016).

The main idea of this thesis is to explore the BERTs potential on the task of quantifying
such dependencies, and test, whether it can provide an enhancement to existing approaches
by extracting additional information, hidden from classical methods of quantitative linguist-
ics. In particular, BERT is used to develop a set of features, that could be used in the analysis
of multilingual learning data, as an extension to the methods, developed by Mehler, Zlatkin-
Troitschanskaia et al., 2018; we test, whether these new features improve correlation between
the quantitative features of task descriptions used in TUCE (Walstad, Watts and Rebeck, 2007)
and perceived difficulty of these tasks manifested in the rate of correct responses.

The second objective is to identify the most salient features responsible for such correla-
tion. To this end we test different feature importance ranking approaches.

The methodology of this thesis is largely based on Mehler, Zlatkin-Troitschanskaia et al.,
2018 (Sections B.1, B.4, B.3, and partly B.4). This allows a direct comparison between the
results of both studies. In addition we explore and apply the methods of the Evolutionary
Multiobjective Optimisation (EMO) (Section B.5).

The thesis is organised as follows: Chapter [l describes the data analysed in this study, the
preprocessing steps required prior to the analysis, the text characteristics used to quantify
the input texts, and the classification and evaluation methods, that were applied. Chapter
presents the results, which are discussed in Chapter f. Finally, Chapter f gives a conclusion
and an outlook on future work.

'see https://qluebenchmark.com/leaderboard
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2. Methods

: quantification
task descriptions preprocessing linguistic]
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Figure 2.1.: The precessing stages: red - preliminary, green - optimisation stages, each producing own
optimal set of features. MDS - Maximum Distance correlation (dCor) Search, MCS - Monte-
Carlo Simulation, EMO - Evolutionary Multiobjective Optimisation (two and three object-

ives). H|T1l\ |”22 - size/sparsity penalty.




Table 2.1.: Data overview. DE - German, US - English task descriptions.

DE UsS
Questions Answers Questions Answers
& number of tokens 26 35 28 37
& sentence length 14 6 18 13
& token length 6 6 4 5

2.1. Data Overview

The data analysed in this thesis is a collection of 60 task descriptions used in the TUCE
(Walstad, Watts and Rebeck, 2007). The tasks are multiple-choice type tasks, which can be
divided into 60 question and 60 answer parts. Thus we can extend our data set by using 60
question and answer (fa), 60 question (f), and 60 answer (a) descriptions separately, which
gives us 180 input texts for German (DE) and 180 for English (US) - 360 in total. Additionally,
for each question/answer pair the rates of correct student responses were used as a target
variable in our distance correlation maximisation experiments (for detailed description of
the data see Mehler, Zlatkin-Troitschanskaia et al., 2018).

2.2. Preparation

To prepare the raw input data for the experiments, we performed NLP-based preprocessing
including data cleansing, tokenisation, lemmatisation, POS-tagging, sentence detection, and
syllable separation using spaCy’s de_core news 1gf| and

en_core web lgff models for German and English task descriptions respectively (see Figure
). Next, each of the 236 text characteristics was calculated for all 360 texts.

Due to the short length of the input texts, especially questions part, see (see Table R.1)), not
all features could be used for the downstream tasks. Features, that rely on longer token/sentence
sequences (such as features based on BERT’s next sentence prediction probabilities), did not
produce meaningful results for shorter texts, and had to be eliminated. Total 114 features for
each of the 360 question (f), answer (a), question and answer (fa) texts could be used for the
further analysis.

To make the results comparable with Mehler, Zlatkin-Troitschanskaia et al., 2018 the fea-
ture set had to undergo a transformation (see Section .4).

Konca et al., 2020

*Islam and Mehler, 2013

*Mehler, Hemati, Uslu et al., 2018

*Mehler, Zlatkin-Troitschanskaia et al., 2018
*https://github.com/explosion/spacy-models/releases//tag/de core news 19-2.3.0
*https://qgithub.com/explosion/spacy-models/releases//tag/en core web 1g-2.3.1
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Table 2.2.: Parameters of quantitative text characteristics used in this study.

Parameter Description
f, frequency of the rank r;
h h-point
N total number of tokens
r token’s frequency rank
v vocabulary size (number of types)

2.3. Quantification

In total, 256 features were implemented and applied in this thesis. The linguistic features

were previously used in Konca et al., 2020, lexical in Islam and Mehler, 2013, syntactic in

Mehler, Hemati, Uslu et al., 2018. The features marked with * are introduced in this thesis.
Linguistic features:

1. A - adjusted modulus (Kubat, Matlach and Cech, 2014):

h_l(ﬁ? + V2)1/2

A=
log,y N

where h is the h-point (see below); for f,, and V see Table P.2.
2. alpha — writer’s view (Popescu and Altmann, 2007):

—((h =D, = h) + (h= DV — h))

cos o = (h—=1)2+ (f, — N2)2((h—1)2 + (V — h)2)1/2

3. ASL - average sentence length.
4. ATL - average token length.

5. G - Gini coefficient (Popescu and Altmann, 2006):

1 9 &

6. h — h-point (Hirsch, 2005; Popescu, 2009): the point, where the token’s frequency rank
and the frequency itself are equal.

If no such point exists, two neighbouring frequencies, for which f, > r; and f, < r;,
are used to calculate h as follows:

h= i
rj—ri—l—fn’_ffj



. H - entropy (Esteban and Morales, 1995):
|V
HZIOgQN_ N;fnlongl’i

. hl — hapax legomena percentage: the percentage of unique types.

. L - curve length (Popescu, Cech and Altmann, 2011):

v-1
L= Z \/(fn - fri+1)2 +1
i=1

. A - lambda (Popescu, Cech and Altmann, 2011; Cech, 2015):

Llog,, N
A= 10
N
where L is the curve length.
. Q — activity (Altmann, 1988):
0— v
v+a

where v is the number of verbs and a the number of adjectives.

. R1 - vocabulary richness (Kubat, Matlach and Cech, 2014):

h
Zﬁi h2
Ri=1—|5————
N 2N

where h is the h-point.

. RR - repeat rate (Kubat, Matlach and Cech, 2014):

1 v

2

RR= 151
i=1

. RRR - relative repeat rate (McIntosh, 1967):

1—-vVRR

RRR = ————
1-1/VV

. stc — secondary thematic concentration (Cech, Popescu and Altmann, 2013):



16.

17.

18.

19.

tc — thematic concentration (Popescu and Altmann, 2011):

T
(h — I’,‘)fr.
tc=2» ——
=22 -1,
i=1
where T is the number of autosemantic words whose rank r is above the h-point.

ttr — type-token-ratio (Wimmer, 2005):

tt 4
r=—
N

UG - unique trigrams: the ratio of the number of hapax legomena and the total number
of character-based 3-grams that can be generated by them.

VD - verb distances: the average distance between verbs, measured by the number of
tokens. Following Kubat, Matlach and Cech, 2014, all verbs were considered.

Lexical features: ﬂ

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

adjpd — number of adjectives

advpd - number of adverbs

ipd — number of interjections

NDW - number of "difficult” words, consisting of more than 8 letters
ppd — number of pronouns

apd — number of auxiliary words

dpd - number of determiners

npd - number of nouns

preppd — number of prepositions

vpd — number of verbs

Syntactic featuresf] Each sentence of the input text was parsed with spaCy dependency
parser. Resulting dependency trees were analysed using 11 features (see features 30 to 40
below). To get one score for each text, the individual scores for each tree were aggregated
using six aggregation functions: mean p, Gini coefficient (Gini, 1912) (G*), distance autocor-
relation (adc*) with lag 1, recursive autocorrelation (rac*f}), recursive distance autocorrelation
(radc*), dynamic time wrapping (adtw*{9), and entropy (H) - 77 syntactic features in total.

"Following Islam and Mehler, 2013

8For the definitions of the formulas see Mehler, Hemati, Uslu et al., 2018
°see definition of feature 3

“calculated using pyts package (Faouzi and Janati, 2020)



30.

¢ — comp(T) — Formula (1)

31. dep - depend(T) — Formula (4)
32. LDE - LDE(T) — Formula (8)
33. MDD - MDD(T) - Formula (10)
34. DDE - DDE(T) - Formula (12)
35. TCI — TCI(T) — Formula (15)
36. imb — imbalance(T) — Formula (17)
37. L - Z(T) — Formula (18)
38. w — width(T) — Formula (23)
39. 1 - level(T) — Formula (24)
40. W - W(T) - Formula (25)
BERT}] related features:
41. btacl, btac2, ..., btac10 — Pearson autocorrelation coefficients (Parzen, 1963) calculated
from BERT’s (Devlin et al., 2018) masked token prediction probabilities with lags 1 to
10.
42. btrac* - recursive (Pearson) autocorrelation coefficient
n(©) _ k(D)
X’E<11)) ~ n© \}ar(o) Z (Xf(O) - M(O))(Xl“(i)k(l) - M(O))
,,(Hjj(/)
X = a2 O8I )
t=1
btrac = Xl("(m_l)
where / is level of recursion, / € {x € N|1 < x < n(® —1}; k the lag, k) € {x €
N|1 < x < n=Y —1}; u the mean; var!) the variance. On the 0’s level the X? is
ith token prediction probability, i € {x € N,1 < x < n©}, u® and var® are the
mean and the variance of the token prediction probabilities, and n) is the number of
predictions
43. btadc1, btadc2, ..., btadc10* - distance (dCor) (Székely, Rizzo, Bakirov et al., 2007) auto-

correlation coeflicients calculated from BERT’s masked token prediction probabilities
with lags 1 to 10

“calculated using huggingface transformers python library (Wolf et al., 2020)



44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

btradc* - recursive distance autocorrelation coefficient

btly” - the largest Lyapunov exponent (Eckmann et al., 1986) of the series of masked
token prediction probabilities!] as a measure of the degree of chaos in the sequence of
next token probabilities

bth* — Hurst (Harold Edwin Hurst, 1957 and Harold E Hurst, 1956) exponent as a meas-
ure of the long-term memory of the sequence of next token probabilities

btdfa* — detrended fluctuation analysis (Hardstone et al., 2012)

btH* — entropy of token prediction probabilities

btsH* — sample entropy token prediction probabilities

bstsim” — average cosine similarity of the BERT encoded sentence vectors
bsesim” - average cosine similarity of the BERT sentence embedding vectors

bsacn® - (per sentence) average number of BERT’s sentence embedding distance (dCor)
similarity clusters (calculated by means of HDBSCAN (Mclnnes, Healy and Astels,
2017))

bsH” — entropy of sentence prediction probabilities

bsacl, bsac2, ..., bsac10 — Pearson autocorrelation coefficients (Parzen, 1963) calcu-
lated from BERT’s (Devlin et al., 2018) masked token prediction probabilities with lags
1to 10

bsrac” — recursive (Pearson) autocorrelation coefficient

bsadc1, bsadc2, ..., bsadc10* — distance (dCor) (Székely, Rizzo, Bakirov et al., 2007)
autocorrelation coefficients calculated from BERT’s masked token prediction probab-
ilities with lags 1 to 10

btradc” - recursive distance autocorrelation coefficient

Additionally, the features from Mehler, Zlatkin-Troitschanskaia et al., 2018 were imple-
mented (see Table [A.2 for complete list).

2.4.

Feature Transformation

To preserve consistency with the experiments of Mehler, Zlatkin-Troitschanskaia et al., 2018,
the calculation of the distance correlation between the target variable (the rate of correct
answers) and vectorised task descriptions required a transformation of the original feature
set (see Table P.4). The questions and answers (fa), questions (f), and answers (a) formed two

*?calculated using nolds package (Scholzel, 2019)



additional sets containing vectorised task descriptions in each language - German (DE) and
English (US). In total, both new (stacked) sets contained 324 features for each of the 60 task
descriptions. The downstream tasks used the most appropriate representation of the data.

original features —

DE

US<

input texts 4

Figure 2.2.: Feature set transformation. DE - German, US - English; Q - questions, A - an-
swers, Q&A - questions and answers.

Figure .3 shows the distance correlation of the features used in this experiment before
the transformation. Apart from several small intragroup clusters the features show a low
degree of similarity, which can be interpreted as a sign of the feature orthogonality, i.e. each
feature (group) captures different aspects of a text. Figure 2.3 also shows the distance cor-
relation of the quantified task descriptions. Six clusters are recognisable - from top left to
bottom right: German (DE) questions and answers (fa), questions (f), and answers (a), and
English (US) questions and answers (fa), questions (f), and answers (a). Figure @ shows the
distance correlations after the transformation was performed. Now the feature correlations
form three similarity clusters (fa, f, and a), whereas the distance correlations of the vestorised
task descriptions became noisier.
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Figure 2.3.: Distance Correlation of text features (left) and vectorised TUCE task descriptions
(right).

2.5. Analysis
The following analysis was performed on the resulting feature sets:

1. Maximum Distance Correlation Search (MDS) - an evolutionaryf search with popula-
tion size of 2000 individuals iterating for 2000 generations.

2. Monte-Carlo Simulation (MCS) test of the significance of MDS results.
3. Network-theoretic feature analysis.

4. Classification experiments by means of the Random Forest Classifier (RFC). The RFC
was chosen for all classification experiments, inasmuch as it is easy to use, has few
hyper-parameters (which could be left unaltered without hampering the results), and
has a high degree of interpretability. Gini impurityf{ was used as a splitting criterion.

5. EMO for simultaneous optimisation of:

+ F1-score and sparsity penalty

« distance correlation and sparsity penalty

« distance correlation and F1-score

« distance correlation, sparsity penalty, and F1-score (binary mask)

« distance correlation, sparsity penalty, and F1-score (real-valued mask)

Busing DEAP (Fortin et al., 2012) python package
Ygini(t) =1 — Ejle p2(j|t), where p(j|t) is a probability to pick a point with label i splitting the tree t

10



Figure 2.4.: Distance Correlation of text features (left) and vectorised TUCE task descriptions
(right) after the transformation (see Section .4).

The use of EMO had several purposes:

« To test, if the evolutionary search could isolate features responsible for high ;-
score. Since the separation of German and English task descriptions using all 342
features was trivial, there was, presumably, a high degree of redundancy in the
model.

« Provided, the evolutionary search works well on easier task, to test, whether a
set of features could be identified, that optimises both the language separability
(Fy-score of classification experiment) and distance correlation with the rate of
correct responses.

+ Narrow down the search for the most salient features by applying a sparsity pen-
alty.

« Emulate the sensitivity analysis by using real-valued mask for feature weighting.

For two objective optimisation and binary three objective optimisation the NSGA-II
(Deb, Pratap et al., 2002) algorithm was applied. For real-valued three objective optim-
isation we used the NSGA-III (Deb and Jain, 2013) algorithm.

6. Sensitivity analysis of the classification using methods of Sobol (Sobol, 2001; Saltelli
et al., 2010}; Saltelli, 2002) and Morris (Campolongo, Cariboni and Saltelli, 2007; Morris,
1991).

This way we arrive at several (task-specific) optimal feature sets.

11



3. Results

3.1. Correlation Analysis

The results of Mehler, Zlatkin-Troitschanskaia et al., 2018 could be improved in almost every
scenario (see Tables B.1, B.4, B.3, B.4, B.9, and Figure B.9). However, the magnitude of the
improvements was mostly small. It can be concluded, that our findings support the hypo-
theses, that certain characteristics of the task descriptions are related to the rates of correct
student responses, and, that there are differences between languages (Hypothesis 1a and 1b
in Mehler, Zlatkin-Troitschanskaia et al., 2018). However, our results strongly suggest, that
this relation gets stronger with years of study. For German task descriptions the distance
correlations increase from 0.47 (optimised for the 1st year) to 0.52 (3rd year); distance cor-
relations for English task description show similar, but weaker trend - distance correlations
increase from 0.46 (1st year) to 0.48 (3rd year of study), which is a contradiction to the Hy-
pothesis 3.

In contrast to Mehler, Zlatkin-Troitschanskaia et al., 2018, we could identify 20 features,
that were selected in all 8 experiments of the evolutionary search (see Figure B.1). They
are: btrac(fa), bsH(f), TCIH(fa), btac1(f), btadc4(fa), btac4(fa), Lmu(f), hl(a), f31(a), btac3(fa),
WG(fa), btac2(fa), LDEmu(f), MDDmu(f), imbG(a), ATL(fa), wG(f), ATL(f), f79(fa), and al-
pha(fa) (see Tables [A.1 to MDS columns).

. USAIl DEAIl ° . USAIl DEAIl

B US1.Year EEEE DE 1.Year B US 1.Year EEER DE 1.Year

_— USZ Year -_— DEZ Year . US 2. Year EEm DE 2. Year
wm US 3. Year DE 3. Year

Iy
|k WM "

Features Features

. Number of Ugages
Number of Usages

Figure 3.1.: Frequency distribution of features selected in each setting of evolutionary search.
DE- German, US - English task descriptions,. Left - unsorted, right - sorted.

3.2. Monte-Carlo Simulation

We performed the same Monte-Carlo test, as Mehler, Zlatkin-Troitschanskaia et al., 2018: the
features were permuted and average distance correlations of 10,000 permutations together
with the probability, that a random permutation shows at least as high distance correlation,
as the optimised, were calculated (see the results in Table B.6). The probabilities differ in
both directions, the average distance correlations, however, are considerably higher than in

12



Table 3.1.: Distance correlations of the full set of features before applying evolutionary search
algorithm; DE - German, US - English task descriptions. Top 20, 10, and 5 of the
features showing largest distance correlation with target variable (rate of correct
responses) calculated individually.

DE US DE US

All features 0.28 0.27 All features 0.25 0.28

Top 20 features 0.33 0.30 Top 20 features 0.30 0.39

Top 10 features 0.37 0.39 Top 10 features 0.34 0.38

Top 5 features  0.41 0.41 Top 5 features  0.39 0.41
(a) All (b) 1st year

DE US DE US

All features 0.29 0.27 All features 0.28 0.26

Top 20 features 0.34 0.37 Top 20 features 0.35 0.33

Top 10 features 0.37 0.39 Top 10 features 0.47 0.42

Top 5 features  0.42 0.41 Top 5 features  0.46 0.38
(c) 2nd year (d) 3rd year

Table 3.2.: Distance correlations after applying evolutionary algorithm optimising for all
years of study. DE - German, US - English task descriptions.

DE US

All 0.50 0.47
1. Year 047 0.47
2. Year 0.51 0.47
3. Year 0.52 0.47

Mehler, Zlatkin-Troitschanskaia et al., 2018 (e.g. 0.40 compared to 0.22 for all years of study).
However, in most experiments the main mass lies significantly lower than the optimised
distance correlation (see Figure B.3).

We also examined the interdependence of the average distance correlation and the number
of features selected (see Figure B.4). Without any feature selection (all features, no mask
applied) there is no correlation observable (left Figure). However, if the mask is applied
the average distance correlation increases, which also supports the feature non-randomness
assumption.

13



Table 3.3.: Distance correlations after applying evolutionary algorithm optimising for first
year of study. DE - German, US - English task descriptions.

DE US
1. Year 0.47 0.46
All 0.50 0.45

2. Year 0.50 045
3. Year 0.51 0.45

Table 3.4.: Distance correlations after applying evolutionary algorithm optimising for second
year of study. DE - German, US - English task descriptions.

DE US
2. Year 0.51 0.46
All 0.50 0.45

1. Year 0.47 0.45
3. Year 0.51 0.45

3.3. Feature Analysis

The network cohesion values (the ratio of the number of the edges of a graph and the
number of edges in a completely connected graph of the same order, see Mehler, Zlatkin-
Troitschanskaia et al., 2018) do not show any decline until the distance correlation bound is
decreased to approximately 0.1. The all year experiments (both DE and US) show faster de-
clines in cohesion values, whereas the cohesion values for DE 1st year exhibit relatively high
values even at the 0.5 distance correlation bound. The fraction of largest component stays
almost 1.0 till the 0.5 bound is reached. These facts suggest, that the model presented in this
thesis has a higher degree of redundancy, which could be exploited in the EMO experiments.

3.4. Classification

To evaluate the consistency of the model, and test whether the additional features (e.g.
BERT related or syntactic tree based) improve the classification results of Mehler, Zlatkin-
Troitschanskaia et al., 2018, several different classification experiments were carried out.

+ A four-class experiment, where the classifier had to find a separation between Ger-
man questions, German answers, English questions, and English answers. This classi-
fication task was the most difficult, producing the lowest F;-score. Nevertheless, the
results, obtained using new features improved from 0.80 to 0.83 unoptimised and 0.88
optimised (see Figure .6)

« Less challenging (see Figure B.7 Q vs. A) task was to separate the questions from the
answers. The classifier could reach the F;-score of 0.89 (unpotimised) or 0.935 (optim-

14



Table 3.5.: Distance correlations after applying evolutionary algorithm optimising for third
year of study. DE - German, US - English task descriptions.

DE US
3. Year 0.52 0.48
All 0.50 0.46

1. Year 0.47 0.45
2. Year 051 046

0.525
0.500 r
0.475

0.450 F —— S

0.425

0.400

0375 — USAII —— DEAI
US 1. Year —— DE 1. Year
0.350 — US 2. Year DE 2. Year
] —— US 3. Year DE 3. Year

0.325

0 250 500 750 1000 1250 1500 1750 2000

Figure 3.2.: Distance correlation as a function of the number of iterations of the evolutionary
search. DE - German, US - English task descriptions.

ised). The result is not surprising - the most obvious difference between questions and
answers, was the length of the texts.

+ The most interesting question, considering the focus of this study, was how well would
the classifier perform on language separation task. The experiment was split into two
using i) original and ii) stacked (see Figure 2.1 and Figure .4) versions of the data set.
The idea of Mehler, Zlatkin-Troitschanskaia et al., 2018 to generate new features by
using the additional types of input texts, hence, making the classes more homogeneous
without any information loss, had a positive impact on the results. On the original
data set the Fi-score of 0.93 (unoptimised) or 0.97 (optimised) was reached, on the
stacked version the scores 0.97 (unoptimised) and 1.0 (optimised) could be obtained
(see Figure B.7). However, optimisation of the Fj-score alone had mostly negative
impact on the distance correlation with the rate of correct responses (compare Table
B.1 and Table B.7). This suggests, that both tasks are not highly correlated implicitly.
Possible reason is the vast number of available feature combinations, that produce
high F;-score; i.e. not every combination, that can separate German task descriptions
from their English counterparts is a good predictor of the rate of correct responses. The
triviality of the class separation is also supported by the Error Based Feature Elimination
with Forests EBFEf experiment with 20 randomly selected features (see Figure B.§). In
each run the random number generator was initialised with different seed, i.e. the
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Table 3.6.: Results of the Monte-Carlo simulation for German (DE) and English (US) task de-
scriptions. Left: probability of reaching the maximum distance correlation; Right:
average distance correlation reached during the simulation.

DE [N DE US

All 0.0031 0.0094 All 0.40 0.40
1. Year 0.0164 0.0014 1. Year 0.41 0.39
2. Year 0.0000 0.0003 2. Year 0.36 0.37
3. Year 0.0001 0.0000 3. Year 0.37 0.36

starting conditions, the train/test set split points varied in each execution.

Observed degree of task orthogonality demands an explicit objectives coupling, that
enforces the optimisation along both directions.

Table 3.7.: Distance correlations between the set of features, that achieved highest F;-score,
and the rate of correct student responses (All, 1st year, 2nd year, and 3rd year); DE
- German, US - English task descriptions.

DE US DE US

All features 0.26 0.24 All features 0.24 0.26

Top 20 features 0.32 0.30 Top 20 features 0.30 0.31

Top 10 features 0.32 0.33 Top 10 features 0.30 0.38

Top 5 features  0.43 0.37 Top 5 features  0.40 0.37
(a) All (b) 1st year

DE US DE US

All features 0.28 0.25 All features 0.27 0.23

Top 20 features 0.33 0.32 Top 20 features 0.35 0.33

Top 10 features 0.33 0.35 Top 10 features 0.35 0.36

Top 5 features  0.43 0.37 Top 5 features  0.35 0.39
(c) 2nd year (d) 3rd year

Konca et al., 2020
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Figure 3.3.: Results of the Monte-Carlo simulations for German (left column) and English
(right column) task descriptions; top to bottom: all years, 1st year, 2nd year,
and 3rd year. Red horizontal line represents the maximum distance correlation,
reached during the evolutionary search algorithm.

3.5. Evolutionary Multi Objective Optimisation

3.5.1. Two Objective Optimisation

We performed several two objective optimisation experiments. First, we optimised F;-score
with sparsity penalty. Initial unpotimised F;-score of all 342 features was 0.97. After the
first generation of the evolutionary search 50% of the features were eliminated yielding the
F;-score of 1.0, which was maintained until the number of features dropped to 9. The remain-
ing features were ATL(fa), 1G(fa), btadc6(fa), bsesim(fa), adjpd(f), Q(f), DDEG(f), MDDH(a),
btadc2(a).

The simultaneous optimisation of distance correlation and f;-score after 2000 generations
of evolutionary search yielded dCor of 0.50 and F1-Score of 1.0, selecting 125 features (see
Figure B.9). Notice the F;-score isolines, the multitude of different feature combinations allow
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Figure 3.6.: Confusion matrices of the four-class experiment: German questions (f_de) versus
German answers (a_de) versus English questions (f_en) versus English answers
(a_en). Unoptimised(left), optimised (right)

the optimisation of the distance correlation along the constant f;-score of 1.0.

Sparsity constrain had almost no impact on distance correlation optimisation (see Figure
3.10. A combination of 39 features reached distance correlation of 0.49, falling just short of
the results of evolutionary search with one objective (MDS). See Tables [A.1] to (dCor+
columns) for features, that were selected by the two objective optimisation algorithms.
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Figure 3.7.: Confusion matrices of the binary classifications; German (DE) vs. English (US);
Questions (Q) vs. Answers (A). The stacked version uses the same feature gener-
ation process as the evolutionary search for maximum distance correlation.

3.5.2. Three Objective Optimisation

To find a three-dimensional Pareto manifold and, hence, reduce the number of feature com-
binations, the simultaneous optimisation of distance correlation and F;-score under the sparsity
constrain was performed (see Figures for German and for English task descriptions).
As expected, the Fi-score shows similar structure, as in the two objective experiments -
there exist several isoplanes. For German task descriptions the Pareto manifold is mostly
flat, until the number of selected features reaches approximately 40, after which there is a
rapid drop of the dCor. English task descriptions show similar, but more perturbed man-
ifold. Another major difference is the subset of selected features (see Tables [A.1 to
EMO columns). Only few features were selected in both experiments - bsesim(fa), f73(fa),
ATL(fa/f), ste(fa), TCIG(fa), IH(fa), bsH(f), f2(f), f10(f), MDDmu(f), TCImu(f), lmmu(f), {80(a),
advpd(a), preppd(a), ttr(a) - 17 out of 342.

3.5.3. Three Objective Optimisation revisited

Not surprisingly, additional constraint did not improve the results of the optimisation. For
example, in DE All years experiment after 2000 generations dCor of 0.50 and F1-Score of
0.9666 (54 features selected) could be obtained. To circumvent the rigidity of the binary
mask restrictions, an alternative method of the three way optimisation was implemented
(see Figure B.13). As before this method searched simultaneously for maximum distance
correlation and maximum F;-score under the sparsity constraint, expressed as the ratio of
the euclidean norms of the mask vector and the unity vector. The modification was aimed to
relax the binarity constrain, and allow individual gene to take values between 0 and 1 (and
not just 0 or 1). Such genes could be interpreted as weights or measures of importance of each
feature, hence, act as an additional sensitivity measure. That resulted in the significant drop
of the euclidean norm ratio, especially in the experiment with English (US) task descriptions.
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Figure 3.9.: Distance correlations dependence on the f;-score (two objective optimisation).

In DE all years experiment dCor of 0.51, F;-score of 0.9666 and norm ratio of 0.14 were
obtained. The dominating features were Imu(f) with weight 1.0, preppd(a) - 0.72, and f28(fa)
- 0.72 (see Tables to [A.30).

In US all years experiment dCor of 0.54, F;-score of 0.9666 and norm ratio of 0.01, which
is order of magnitude lower than in DE experiment, were reached. The dominating features
were depG(a) with weight 0.13, bth((fa) - 0.07, and stc(fa) - 0.07. The drawback of this ap-
proach was the increased difficulty of the interpretation of the absolute number of selected
features, still allowing the relative comparison e.g. 0.14 to 0.01.

3.6. Sensitivity Analysis

We also performed two kinds of sensitivity analyses - i) classification based and ii) distance

correlation based. Each kind by the means of two methods (see Tables to [A.30). The
classification based sensitivity analysis by the method of Sobol (see Figure B.14f| a) and b))

*Courtesy of https://github.com/antonia-had/Radial convergence plot
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Figure 3.10.: Distance correlations dependence on the sparsity constrain (number of features
selected, two objective optimisation).

showed differences between experiments with original and transformed (stacked) feature
sets. Features, both experiments had in common, were the bsesim, bstsim, bsH, and to some
extent ATL/ASL.

In addition to the classification based, we experimented with the distance correlation based
sensitivity analysis, which is a continuation of the idea to use real-valued feature weighting
(described in Section B.5.3). It allows features to be either fully selected (weight 1.0), partly
selected (weight € (0, 1)) or not selected (weight 0.0). This way the sensitivity analysis can
be applied to the dCor optimisation. Figure c) and d) shows the results of the exper-
iment. The f75(fa), which is the number of General-Language Words (see Mehler, Zlatkin-
Troitschanskaia et al., 2018 Section 4.1 for detailed description) members in relation to text
length, calculated on questions and answers (fa) subset, shows a multitude of second order
interactions with syntactic, BERT related and other features (DE experiment). In the US ex-
periment the imbmu(f) - the average imbalance of the syntactic trees, plays central role. It
has the highest sensitivity and a variety of second order interactions with other features. The
wH(f), feature measuring entropy of the widths of syntactic trees, also plays an important
role.
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4. Discussion

From results presented so far, it is apparent, that first - there exist a clear correlation between
a variety of linguistic, lexical, syntactic, and semantic features of task descriptions and the
rate of correct student responses, and second - different input classes, e.g. different forms
(questions/answers) or different languages (German/English) exhibit divergent and distin-
guishable structure. The model described in this thesis is able to illuminate this hidden
structure from different angles. It performs well in classification experiments and in dis-
tance correlation maximisation by its size alone. Thus, it becomes important to be able to
dissect and highlight the most important features, that can be universally applied across a
variety of different experimental settings. Figure ¢.1 shows the summary of the importance

Classification
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Q(f) ATL(fa)
bsH(a) btadc2(a) ® VA,
tac a
o DsH(fa) f77(a)
® R(fa) ppd(f)
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o @

f6(a)
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Figure 4.1.: Feature importance. Size of the points reflects sensitivity (Sobol and Morris);
colour - real-valued NSGA3 feature weighting; The central points represent fea-
tures, that were equally important for language separation and distance correla-
tion maximisation simultaneously for US and DE experiments.

scores of analysed features in different experiments. Ideally, all features would lie inside
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a small radius near the centre, but the experiments show, that not all features are equally
important in all experiments. One clear outlier is bsesim (average cosine similarity of the
BERT embedding vectors), which plays a major role in the classification experiments, but
is mostly ignored in the distance correlation maximisation, making it a bad predictor of the
rate of correct student responses in both US and DE experiments. The rest of the features
are situated much closer to the centre, meaning, they tend to have at least some degree of
importance in both classification and distance correlation experiments.

Another dimension, along which the features could be ranked is the language (DE-US) axis.
Here we can observe a greater variance of the ranks. Some features, such as f71(fa), {73(a),
Q(fa), and TCImu(a) are highly biased towards DE side, others, like {81(f), IH(f), btac2(fa) play
major role only in US experiments. Nevertheless, there are a multitude of features, that are
important in all settings.

As we have seen, additional features improve the distance correlation by relatively small
amount. This fact naturally rises the question of saturation of the distance correlation.
Moreover, not every clear functional dependence produces high distance correlation score
(see Figure .9). It is a task for future research to find a way to improve the explainability and
comparability of different levels of text similarity based on distance correlation methods.
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Figure 4.2.: Distance correlation between the torus dimensions depending and their number.
The distance correlation between the last two dimensions (blue); the last and all
previous dimensions (violet); the first and all subsequent dimensions (green); the
level line of the 342nd dimension (red). Example of a torus (three figures on the

right).

The counter intuitive increase in distance correlation of task descriptions with the rate
of correct student responses over the academic years, which means, that the dependency
on a variety of selected textual features is becoming stronger, remains an interesting open
question for future research.
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5. Conclusion

In this thesis we explored a variety of existing and new text quantification methods in a
multilingual setting. We could confirm, that there there exist features, that act as good pre-
dictors for the rates of correct student responses. Moreover, extending the set of features
used in Mehler, Zlatkin-Troitschanskaia et al., 2018, we could improve distance correlation
between a sets of vectorised task descriptions and the rate of correct student responses. We
also found, that these results are not random, but are based on a certain underlying structure.

Classification and distance correlation maximisation show no implicit correlation, but are
rather orthogonal to each other. This fact demands an explicit constraining, which would
force the model in the desired direction. We have also seen, that our model has a high de-
gree of redundancy, when applied to the classification tasks only, possibly overfitting on the
amount of data, that was at our disposal.

There are several possible directions future research could follow, that may lead to further
improvements - find a better evolutionary search strategy, explore the possibilities of BERT
fine tuning (an unaltered pre-trained model was used in this thesis), explore different zoom
factorsi.e. character based versus paragraph based quantification methods, implying the size
of the input texts allows it.

Another auspicious direction would be an automation of the feature generation. In par-
ticular, VieNNA (Mehler, Hemati, Gleim et al., 2018) can offer a basis for the generative
exploration of the feature space, by providing a framework for both rule based text (feature)
representation genesis and genesis of the evaluation algorithms.
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A. Appendix

Table A.1.: BERT related feature selection in binary experiments. Rows: features, columns:
experiments; green: selected. Questions and answers (fa) subset.

Fy + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

EMO US

btH(fa)
btlH(fa)
bth(fa)
btdfa(fa)
btrac(fa)
btradc(fa)
btac1(fa)
btac2(fa)
btac3(fa)
btac4(fa)
btadc1(fa)
btadc2(fa)
btadc3(fa)
btadc4(fa)
btadc5(fa)
btadc6(fa)
btadc7(fa)
btadc8(fa)
btadc9(fa)
btadc10(fa)
bstsim(fa)
bsesim(fa) .
bsH(fa)

.
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Table A.2.: F feature (Mehler, Zlatkin-Troitschanskaia et al., Table 2) selection in binary
experiments. Rows: features, columns: experiments; green: selected. Questions
and answers (fa) subset.

F\ + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

EMO US
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Table A.3.: Lexical and linguistic feature selection in binary experiments. Rows: features,
columns: experiments; green: selected. Questions and answers (fa) subset.

dCor + sparsity DE
dCor + sparsity US

F, + sparsity
MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + F; DE
B dcor + F, US

EMO DE
EMO US

ppd(fa)

apd(fa)

adjpd(fa)

advpd(fa)

dpd(fa) .

npd(fa)
preppd(fa)
vpd(fa)
Ri(fa)
RR(fa)

Q(fa)
alpha(fa)
ATL(fa)
h(fa)
Imbd(fa) 1 B ‘
G(fa)
L(fa)
A(fa)
UG(fa)
NDW(fa)
VD(fa)
ste(fa) H I

hl(fa)
ASL(fa)

ttr(fa
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Table A.4.: Syntactic feature selection in binary experiments. Rows: features, columns: ex-
periments; green: selected. Questions and answers (fa) subset.

MDS DE 1. year
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE

I MDS DE all years

Lo
< <
L QO
S B
"_‘- .
A —
Smm
Ha¥a)
+U)C/J
afa
U= =

LDEmu(fa)
depmu(fa)
MDDmu(fa)
DDEmu(fa)
TCImu(fa)
imbmu(fa)
Lmu(fa)
Wmu(fa)
wmu(fa)
Imu(fa)
cmu(fa)
LDEG(fa)
depG(fa)
MDDG(fa)
DDEG(fa)
TCIG(fa)
imbG(fa)
LG(fa)
WG(fa)
wG(fa)
1G(fa)
cG(fa)
LDEH(fa)
depH(fa)
MDDH(fa)
DDEH(fa)
TCIH(fa)
imbH(fa)
LH(fa)
WH(fa)
wH(fa)
IH(fa)
cH(fa)
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Table A.5.: BERT related feature selection in binary experiments. Rows: features, columns:
experiments; green: selected. Questions (f) subset.

F1 + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

EMO US

btH(f)
btIH(f)
bth(f)
btdfa(f)
btrac(f)
btradc(f)
btac1(f)
btac2(f)
btac3(f)
btac4(f)
btadc1(f)
btadc2(f)
btadc3(f)
btadc4(f)
btadc5(f)
btadc6(f)

(

(

btadc7(f)
btadc8(f)
btadc9(f)
btadc10(f)
bstsim(f)
bsesim(f)
bsH(f) B
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Table A.6.: F feature selection in binary experiments. Rows: features, columns: experiments;
green: selected. Questions (f) subset.

Fy + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

EMO US

=

IR
AN AN AN AN AN N
=

£9(f)

£15(f)
£16(f)
£17(f)
£18(f)
£27(f)
£28(f)
£29(f)
£30(f)
£31(f)
£32(f)
£33(f)
£34(f)
£71(f)
£72(f)
£73(f)
£74(f)
£75(f)
£76(f)
£77(f)
£78(f)
£79(f)
£80(f)
£81(f)
£82(f)
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Table A.7.: Lexical and linguistic feature selection in binary experiments. Rows: features,
columns: experiments; green: selected. Questions (f) subset.
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Table A.8.: Syntactic feature selection in binary experiments. Rows: features, columns: ex-
periments; green: selected. Questions (f) subset.

MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F;, US
EMO DE

EMO US
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LDEmu(f)
depmu(f)
MDDmu(f)
DDEmu(f)
TCImu(f)
imbmu(f)
Lmu(f)
Wmu(f)
wmu(f)
Imu(f)
cmu(f)
LDEG(f)
depG(f)
MDDG(f)
DDEG(f)
TCIG(f)
imbG(f)
LG(f)
WG(f)
wG(f)
1G(f)
cG(f)
LDEH(f)
depH(f)
MDDH(f)
DDEH(f)
TCIH(f)
imbH(f)
LH(f)
WH(f)
wH(f)
TH(f)
cH(f)




Table A.9.: BERT related feature selection in binary experiments. Rows: features, columns:
experiments; green: selected. Answers (a) subset.

F, + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
MDS US all years
dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

EMO US

btH(a)
btlH(a)
bth(a)
btdfa(a)
btrac(a)
btradc(a)
btac1(a)
btac2(a)
btac3(a)
btac4(a)
btadc1(a)
btadc2(a)
btadc3(a)
btadc4(a)
btadc5(a)
btadc6(a)
btadc7(a)
btadc8(a)
btadc9(a)
btadc10(a)
bstsim(a)
bsesim(a)
bsH(a)
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Table A.10.: F feature selection in binary experiments. Rows: features, columns: experi-
ments; green: selected. Answers (a) subset.

dCor + sparsity DE
dCor + sparsity US
dCor + F; DE
dCor + F; US
EMO DE

B =Mous

Fy + sparsity
MDS DE 1. year
MDS DE 2. year
MDS DE 1. year
MDS DE all years
MDS US 1. year
MDS US 2. year
MDS US 3. year
B MDS US all years

fi(a)

f2(a)

f3(a)

f4(a)

f6(a)

f7(a)

f9(a)

f10(a)
f15(a)
f16(a)
f17(a)
f18(a)
f27(a)
f28(a)
29(a)
30(a)
f31(a)
32(a)
33(a)
f34(a)
f71(a)
f72(a)
73(a)
f74(a)
£75(a)
f76(a)
77(a)
£78(a)
£79(a)
80(a)
f81(a)
82(a)

LE
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Table A.11.: Lexical and linguistic feature selection in binary experiments. Rows: features,
columns: experiments; green: selected. Answers (a) subset.
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ppd(a)
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adjpd(a)
advpd(a) I
dpd(a)
npd(a)
preppda) [ DE H B N
vpd(a)
R1(a) Il B B
RR(a)
Q(a)
alpha(a) .
ATL(a)
hi(a)
ttr(a)
H(a)

h(a)
Imbd(a)
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NDW(a)
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Table A.12.: Syntactic feature selection in binary experiments. Rows: features, columns: ex-
periments; green: selected. Answers (a) subset.

dCor + sparsity DE
dCor + sparsity US

MDS US all years
B iCor + F, DE

F, + sparsity

MDS DE 1. year
MDS DE 2. year
MDS DE 1. year

B MDS DE all years

MDS US 1. year
MDS US 2. year
MDS US 3. year
dCor + F;, US

EMO DE
EMO US

LDEmu(a)
depmu(a)
MDDmu(a)
DDEmu(a)
TCImu(a)
imbmu(a)
Lmu(a)
Wmu(a)
wmu(a)
Imu(a)
cmu(a)
LDEG(a)
depG(a)
MDDG(a)
DDEG(a)
TCIG(a)
imbG(a)
LG(a)
WG(a)
wG(a)
1G(a)

cG(a)
LDEH(a)
depH(a)
MDDH(a) [
DDEH(a)
TCIH(a)
imbH(a)
LH(a)
WH(a)
wH(a)
IH(a)
cH(a)

[]
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Table A.13.: BERT related feature selection in real-valued experiments. Rows: features,
columns: experiments. Questions and answers (fa) subset.

3] wn
23] W @) )
A -] — —
O 8 3 g S S
&2 QO Q & < e 4a) wn
~ o s » 7] %) Q D
: 2 2 & : : g ¢
A A %) = = = 5| =
th(fa) 0.0078 0.0013 0.0027 0.0095 0.0005 0.0006 0.0962 0.0002
btlH(fa) 0.0040 0.0002 0.0000 0.0073 0.0001 0.0001 0.1151 0.0001
bth(fa) 0.0283 0.0000 0.0066 0.0339 0.0001 0.0010 0.0010 0.0748
btdfa(fa) 0.1055 0.0002 0.0000 0.1365 0.0002 0.0000 0.0038 0.0010
btrac(fa) 0.0000 0.0007 0.0039 0.0018 0.0004 0.0008 0.0533 0.0361

btrade(fa) ~ 0-0047 0.0018 0.0004 0.0033 0.0006 0.0002 0.2033 0.0006
btacl(fa) 01722 0.0000 0.0002 0.2225 0.0000 0.0002 0.1775 0.0006

btac2(fa) 0.0120 0.0000 0.0000 0.0144 0.0001 0.0001 0.0878 0.0003
btac3(fa) 0.0051 0.0110 0.0074 0.0081 0.0015 0.0011 0.2392 0.0553
btacd(fa) 0.0029 0.0026 0.0000 0.0026 0.0007 0.0001 0.1627 0.0010

btadc1(fa 0.0087 0.0001 0.0011 0.0121 0.0001 0.0004 0.0677 0.0021

btade2(fa) 00011 0.0018 0.0001 0.0014 0.0006 0.0001 0.0352 0.0007

btade3(fa)  0-0056  0.0009 0.0007 0.0095 0.0004 0.0003 0.0164 0.0002

btadc4(fa 0.0000 0.0034 0.0003 0.0012 0.0008 0.0002 0.0261 0.0003

(fa)
(fa)
(fa)
(fa)
btadc5(fa)  0-0002 0.0004 0.0012 0.0018 0.0003 0.0004 0.1812 0.0006

(fa)
(fa)
(fa)

)

btadc6(fa)  0-0018  0.0027 0.0026 0.0021 0.0007 0.0006 0.0412  0.0000

btade7(fa)  0-0009 0.0030 0.0005 0.0018 0.0008 0.0002 0.0989 0.0002
btadc8(fa

btadc9(fa
btadc10(fa) 0-0045 0.0020 0.0006 0.0069 0.0006 0.0003 0.0951 0.0001

0.0016 0.0004 0.0002 0.0012 0.0003 0.0001 0.0292 0.0002
0.0011 0.0003 0.0003 0.0012 0.0003 0.0002 0.0080 0.0005

bstsim(fa) 0.0779 0.0000 0.0003 0.0646 0.0000 0.0002 0.1690 0.0000
bsesim(fa) 0.5285 0.0000 0.0000 - 0.0000 0.0000 0.0160 0.0002

bsH(fa) 0.1499 0.0000 0.0033 0.2165 0.0001 0.0007 0.1137 0.0002
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Table A.14.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Questions and answers (fa) subset. Part 1.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

(fa) 0.0089 0.0015 0.0020 0.0092 0.0005 0.0005 0.0000 0.0000
(fa) 0.1060 0.0000 0.0019 0.0816 0.0001 0.0005 0.0540 0.0001
(fa) 0.0029 0.0020 0.0027 0.0048 0.0006 0.0006 0.0003 0.0000

f4(fa) 0.0025 0.0017 0.0001 0.0021 0.0005 0.0001 0.0000 0.0000
(fa)
(fa)
(fa)

f6(fa 0.0700 0.0006 0.0004 0.0633 0.0003 0.0002 0.0265 0.0003
£7(fa 0.0172 0.0002 0.0138 0.0135 0.0002 0.0014 0.0372 0.0000
£9(fa 0.0134 0.0001 0.0014 0.0163 0.0001 0.0005 0.0008 0.0000
f10(fa 0.0000 0.0002 0.0008 0.0004 0.0002 0.0003 0.0480 0.0001
f15(fa 0.0192 0.0002 0.0006 0.0193 0.0002 0.0003 0.1729 0.0011

0.0018 0.0001 0.0001 0.0032 0.0001 0.0001 0.0909 0.0004
0.0033 0.0012 0.0002 0.0037 0.0004 0.0002 0.0003 0.0000
0.0482 0.0002 0.0039 0.0459 0.0002 0.0008 0.2316 0.0000
0.0549 0.0000 0.0075 0.0531 0.0000 0.0010 0.0580 0.0001
0.0462 0.0002 0.0078 0.0489 0.0002 0.0011 - 0.0002
0.0303 0.0007 0.0016 0.0330 0.0004 0.0005 0.0251 0.0003

0.0277 0.0032 0.0006 0.0381 0.0008 0.0003 0.2023 0.0005
0.0089 0.0003 0.0001 0.0087 0.0002 0.0001 0.1122 0.0015
0.0047 0.0041 0.0016 0.0036 0.0009 0.0005 0.0130 0.0007
0.0016 0.0001 0.0005 0.0042 0.0001 0.0002 0.0578 0.0023
0.0016 0.0408 0.0014 0.0010 0.0029 0.0005 [ 0.6142 | 0.0000
0.0011 0.0002 0.0015 0.0018 0.0001 0.0005 0.1455 0.0001
0.0002 0.0176 0.0022 0.0022 0.0019 0.0006 | 0.5322 | 0.0001

(fa)
(fa)
(fa)
(fa)
(fa)
(fa)
(fa)
(fa)
£30(fa) 0-0040 0.0000 0.0003 0.0109 0.0001 0.0002 0.1218 0.0019
(fa)
(fa)
(fa)
(fa)
(fa)
(fa)
(fa)
(fa) 00011 0.0023 0.0005 0.0004 0.0007 0.0003 0.2313 0.0000
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Table A.15.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Questions and answers (fa) subset. Part 2.
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f75(fa) 0.0007 0.0802 0.0049 0.0024 0.0040 0.0009 0.1351 0.0002
f76(fa) 0.0011 0.0007 0.0008 0.0016 0.0004 0.0003 0.0309 0.0002
f77(fa) 0.0040 0.0476 0.0001 0.0036 0.0031 0.0001 0.0843 0.0008
f78(fa) 0.0011 0.0011 0.0010 0.0015 0.0005 0.0004 0.1161 0.0019
f79(fa) 0.0192 0.0029 0.0013 0.0187 0.0008 0.0004 0.0028 0.0066
f80(fa) 0.0076 0.0007 0.0018 0.0080 0.0004 0.0005 0.0499 0.0024
f81(fa) 0.0011 0.0064 0.0080 0.0033 0.0011 0.0011 0.0755 0.0002
f82(fa) 0.0022 0.0003 0.0086 0.0059 0.0002 0.0012 0.0059 0.0001
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Table A.16.: Lexical and linguistic feature selection in real-valued experiments. Rows: fea-
tures, columns: experiments. Questions and answers (fa) subset.

5 n
82 wn @) )
&) 5 5 & S S
4 Q O 2 = 5 2 n
—_— —_— f— : o= o
2 2 £ & 5 & g g
%) %) A = = = 5| 5|
ppd(fa) 0.0007 0.0006 0.0001 0.0004 0.0003 0.0001 0.1235 0.0000
apd(fa) 0.0013 0.0004 0.0010 0.0015 0.0003 0.0003 0.1110 0.0002

adjpd(fa) 0.0013 0.0000 0.0024 0.0016 0.0001 0.0006 0.0002 0.0001
advpd(fa) 0.0000 0.0000 0.0005 0.0000 0.0001 0.0002 0.0214 0.0000

dpd(fa) 0.0029 0.0006 0.0001 0.0024 0.0003 0.0001 0.0014 0.0003
npd(fa) 0.0060 0.0003 0.0007 0.0076 0.0002 0.0003 0.0003 0.0000
preppd(fa) 00020 0.0002 0.0100 0.0053 0.0002 0.0012 0.0153 0.0013
vpd(fa) 0.0060 0.0004 0.0046 0.0106 0.0003 0.0008 0.0185 0.0001
Ri(fa) 0.0045 0.0006 0.0001 0.0054 0.0003 0.0001 0.0051 0.0006
RR(fa) 0.0004 0.0004 0.0017 0.0029 0.0003 0.0005 0.1343 0.0010
O(fa) 0.0031 0.0265 0.0001 0.0037 0.0023 0.0001 0.1117 0.0002
alpha(fa) 00022 0.0125 0.0014 0.0037 0.0016 0.0005 0.2879 0.0021
ATL(fa) 0.2568 0.0002 0.0000 0.3507 0.0002 0.0000 0.1180 0.0003
hi(fa) 0.0060 0.0001 0.0012 0.0076 0.0001 0.0004 0.2299 0.0003
ttr(fa) 0.0031 0.0002 0.0017 0.0076 0.0001 0.0005 0.0068 0.0016
H(fa) 0.0025 0.0014 0.0026 0.0016 0.0005 0.0006 0.0007 0.0002
h(fa) 0.0011 0.0001 0.0037 0.0016 0.0001 0.0007 0.0576 0.0003
Imbd(fa) 00027 0.0001 0.0002 0.0034 0.0001 0.0002 0.1991 0.0005
Glfa) 0.0022 0.0003 0.0025 0.0039 0.0002 0.0006 0.0003 0.0001
L(fa) 0.0018 0.0017 0.0003 0.0018 0.0006 0.0002 0.0017  0.0000
A(fa) 0.0038 0.0005 0.0005 0.0036 0.0003 0.0003 0.1309 0.0001
UG(fa) 0.1022 0.0001 0.0001 0.1137 0.0001 0.0001 0.1090 0.0000
NDW(fa) 00738 0.0002 0.0000 0.0810 0.0002 0.0000 0.0004 0.0001
VD(fa) 0.0067 0.0009 0.0001 0.0076 0.0004 0.0001 0.0020 0.0001
sto(fa) 0.0009 0.0000 0.0662 0.0008 0.0001 0.0031 0.1593 0.0668
ASL(fa) 0.0638 0.0000 0.0102 0.0666 0.0000 0.0012 0.0093 0.0000

45



Table A.17.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Questions and answers (fa) subset. Part 1.

25 n
23] w a -
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LDEmu(fa)  0-0031 0.0035 0.0012 0.0053 0.0008 0.0004 0.0555 0.0009
depmu(fa) 00040 0.0022 0.0016 0.0048 0.0006 0.0005 0.0797 0.0013
MDDmu(fa) ~ 0-0058 0.0039  0.0007 0.0050 0.0009 0.0003 0.0502 0.0001
DDEmu(fa) ~ 0:0002 0.0024 0.0040 0.0003 0.0007 0.0008 0.0389 0.0002

TCImu(fa) 00007 00001 0.0014 0.0010 0.0001 0.0004 0.3047 0.0000

imbmu(fa) 00025 0.0006 0.0028 0.0034 0.0003 0.0006 0.0006 0.0025
Lmu(fa) 0.0074 0.0002 0.0001 0.0135 0.0002 0.0001 0.1060 0.0005
Wmu(fa) 0.0016 0.0101 0.0004 0.0040 0.0014 0.0002 0.2617 0.0008
wmu(fa) 0.0087 0.0014 0.0007 0.0087 0.0005 0.0003 0.1172 0.0000
Imu(fa) 0.0038 0.0000 0.0014 0.0039 0.0000 0.0005 0.0909 0.0048
cmu(fa) 0.0040 0.0082 0.0002 0.0040 0.0013 0.0002 0.0013 0.0012
LDEG(fa) 0.0020 0.0041 0.0008 0.0032 0.0009 0.0003 0.0458 0.0004
depG(fa) 0.0042 0.0000 0.0045 0.0060 0.0001 0.0008 0.1833 0.0005

MDDG(fa) 0.0027 0.0054 0.0000 0.0026 0.0010 0.0001 0.0725 0.0009
DDEG(fa) 0.0018 0.0041 0.0004 0.0037 0.0009 0.0002 0.0078 0.0002

TCIG(fa) 0.0013  0.0000 0.0002 0.0012 0.0001 0.0002 0.0683 0.0000
imbG(fa) 0.0025 0.0001 0.0002 0.0039 0.0001 0.0002 0.2168 0.0007
LG(fa) 0.0007 0.0034 0.0000 0.0014 0.0008 0.0000 0.1191 0.0001
WG(fa) 0.0004 0.0019 0.0001 0.0010 0.0006 0.0001 0.0860 0.0001
wG(fa) 0.0018 0.0014 0.0000 0.0033 0.0005 0.0001 0.1660 0.0010
1G(fa) 0.0000 0.0003 0.0001 0.0008 0.0002 0.0001 0.0324 0.0010
<G(fa) 0.0040 0.0012 0.0001 0.0040 0.0004 0.0001 0.0000 0.0001
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Table A.18.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Questions and answers (fa) subset. Part 2.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

LDEH(fa) ~ 0-0303 0.0014 0.0088 0.0496 0.0005 0.0011 0.1310 0.0002
depH(fa) ~ 00132 0.0015 0.0088 0.0195 0.0005 0.0011 0.0000 0.0006
MDDH(fa)  0-0033 0.0000 0.0017 0.0048 0.0001 0.0005 02216 0.0000
DDEH(fa) ~ 00132 0.0015 00088 0.0186 0.0005 0.0011 0.0428 0.0000
TCIH(fa) ~ 0-0183 0.0000 0.0024 0.0262 0.0000 0.0006 0.0009 0.0099
imbH(fa) ~ 0-0060 00016 00085 00102 0.0006 0.0011 0.1171 0.0002

LH(fa) 0.0154 0.0015 0.0087 0.0237 0.0005 0.0011 0.0319 0.0001
WH(fa) 0.0127 0.0016 0.0084 0.0201 0.0005 0.0011 0.1137 0.0008
wH(fa) 0.0076 0.0010 0.0007 0.0099 0.0005 0.0003 0.0760 0.0006
1H(fa) 0.0127 0.0000 0.0001 0.0187 0.0000 0.0001 0.0429 0.0000
cH(fa) 0.0125 0.0016 0.0084 0.0177 0.0005 0.0011 0.1393 0.0003
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Table A.19.: BERT related feature selection in real-valued experiments. Rows: features,
columns: experiments. Questions (f) subset.

btH(f)
btlH(f)
bth(f)
btdfa(f)
btrac(f)
btradc(f)
btac1(f)
btac2(f)
btac3(f)
btac4(f)
btadc1(f)
btadc2(f)
btadc3(f)
btadc4(f)
btadc5(f)
btadc6(f)
btadc7(f)
btadc8(f)
btadc9(f)
btadc10(f)
bstsim(f)
bsesim(f)
bsH(f)

Sobol RFC

0.0025
0.0259
0.0038
0.0176
0.0009
0.0000
0.0306
0.0031
0.0007
0.0022
0.0045
0.0040
0.0038
0.0025
0.0016
0.0009
0.0018
0.0016
0.0031
0.0022
0.0025
0.0192
0.0013

Sobol dCor DE

0.0114
0.0040
0.0000
0.0001
0.0017
0.0002
0.0002
0.0001
0.0002
0.0001
0.0018
0.0002
0.0000
0.0000
0.0017
0.0022
0.0009
0.0002
0.0003
0.0008
0.0038
0.0080
0.0023

Sobol dCor US

0.0009
0.0001
0.0040
0.0005
0.0002
0.0012
0.0000
0.0134
0.0008
0.0008
0.0000
0.0024
0.0001
0.0000
0.0008
0.0079
0.0050
0.0006
0.0017
0.0004
0.0052
0.0008
0.0306

Morris RFC

0.0039
0.0370
0.0066
0.0255
0.0022
0.0006
0.0417
0.0032
0.0016
0.0016
0.0054
0.0045
0.0050
0.0033
0.0018
0.0008
0.0009
0.0018
0.0056
0.0018
0.0042
0.0137
0.0016
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Morris dCor DE

0.0015
0.0009
0.0001
0.0001
0.0006
0.0002
0.0002
0.0001
0.0002
0.0002
0.0006
0.0002
0.0001
0.0001
0.0006
0.0006
0.0004
0.0002
0.0002
0.0004
0.0008
0.0012
0.0007

Morris dCor US

0.0003
0.0001
0.0008
0.0003
0.0002
0.0004
0.0001
0.0014
0.0004
0.0004
0.0001
0.0006
0.0001
0.0001
0.0003
0.0011
0.0009
0.0003
0.0005
0.0002
0.0009
0.0003
0.0021

EMO DE

0.0011
0.0597
0.0390
0.0333
0.0556
0.1588
0.0929
0.0068
0.1226
0.0003
0.0191
0.0586
0.0975
0.1306
0.1195
0.0018
0.1039
0.0006
0.0304
0.1004
0.0021
0.0916
0.0674

EMO US

0.0003
0.0001
0.0001
0.0227
0.0002
0.0002
0.0008
0.0501
0.0014
0.0001
0.0000
0.0001
0.0008
0.0010
0.0003
0.0009
0.0009
0.0006
0.0013
0.0005
0.0003
0.0003
0.0108



Table A.20.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Questions (f) subset. Part 1.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

f1(f) 0.0058 0.0098 0.0003 0.0090 0.0014 0.0002 0.0004 0.0000
(f) 0.0011 0.0042 0.0287 0.0008 0.0009 0.0021 0.0121 0.0082
(f) 0.0036 0.0086 0.0012 0.0033 0.0013 0.0004 0.0001 0.0000

£A(f) 0.0009 0.0093 0.0001 0.0018 0.0013 0.0001 0.0008 0.0000
(
(
(

fo(f) 0.0004 0.0000 0.0004 0.0018 0.0000 0.0002 0.1510 0.0012
£7(f) 0.0022 0.0007 0.0001 0.0030 0.0003 0.0001 0.0018 0.0000
£9(f) 0.0016 0.0032 0.0003 0.0001 0.0008 0.0002 0.0181 0.0000
f10(f) 0.0004 0.0014 0.0021 0.0022 0.0005 0.0006 0.3087 0.0001
£15(f) 0.0071 0.0000 0.0002 0.0103 0.0000 0.0002 0.0287 0.0007
f16(f) 0.0033 0.0035 0.0003 0.0026 0.0008 0.0002 0.0374 0.0003
£17() 0.0118 0.0008 0.0021 0.0159 0.0004 0.0005 0.0157 0.0000
£18(f) 0.1167 0.0024 0.0000 0.1366 0.0007 0.0001 0.1820 0.0000
£27(f) 0.0074 0.0001 0.0042 0.0086 0.0002 0.0008 0.0516 0.0060
£28(f) 0.0009 0.0000 0.0003 0.0027 0.0001 0.0002 0.0143 0.0007
£29(f) 0.0000 0.0003 0.0005 0.0001 0.0002 0.0003 0.0827 0.0002
£30(f) 0.0020 0.0000 0.0002 0.0018 0.0000 0.0002 0.1860 0.0000
£31(f) 0.0020 0.0002 0.0005 0.0039 0.0002 0.0003 0.0057 0.0003
£32(f) 0.0018 0.0000 0.0003 0.0034 0.0000 0.0002 0.0144 0.0004
£33(f) 0.0054 0.0001 0.0001 0.0060 0.0001 0.0001 0.0561 0.0009
£34(f) 0.0011 0.0007 0.0006 0.0009 0.0004 0.0003 0.1159 0.0007
£71(f) 0.0000 0.0004 0.0015 0.0000 0.0003 0.0004 0.0244 0.0000
£72(f) 0.0013 0.0053 0.0014 0.0006 0.0010 0.0005 0.0663 0.0001
£73(f) 0.0020 0.0002 0.0062 0.0024 0.0002 0.0010 0.0544 0.0001
£74(f) 0.0002 0.0000 0.0011 0.0001 0.0001 0.0004 0.1559 0.0001
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Table A.21.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Questions (f) subset. Part 2.
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£75(f) 0.0000 0.0000 0.0003 0.0009 0.0000 0.0002 0.0886 0.0014
£76(f) 0.0020 0.0005 0.0001 0.0019 0.0003 0.0001 0.0141 0.0009
£77(f) 0.0054 0.0005 0.0057 0.0045 0.0003 0.0009 0.1548 0.0008
£78(f) 0.0029 0.0007 0.0000 0.0027 0.0003 0.0001 0.0230 0.0009
£79(f) 0.0025 0.0001 0.0014 0.0046 0.0001 0.0005 0.1342 0.0003
£80(f) 0.0000 0.0003 0.0001 0.0010 0.0003 0.0001 0.0095 0.0001
£31(f) 0.0007 0.0000 0.0101 0.0018 0.0001 0.0012 0.0006 0.0002
£32(f) 0.0000 0.0001 0.0001 0.0000 0.0001 0.0001 0.1516 0.0000
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Table A.22.: Lexical and linguistic feature selection in real-valued experiments. Rows: fea-
tures, columns: experiments. Questions (f) subset.

s3] n
o) %) A )
A ) — =
S 5 5 & S S
<4 Q Q & o= o< €3] wn
~ o S %] %] %) A )
£ £ £ & 5 & £ 2
A A A = = = = =
ppd(f) 0.0011 0.0013 0.0000 0.0015 0.0005 0.0000 0.0737 0.0006
apd(f) 0.0004 0.0000 0.0024 0.0010 0.0001 0.0006 0.1438 0.0000

adjpd(f) 0.0020 0.0015 0.0055 0.0039 0.0005 0.0009 0.0198 0.0001
advpd(f) 0.0007 0.0004 0.0001 0.0008 0.0003 0.0001 0.0695 0.0000

dpd(f) 0.0000 0.0013 0.0000 0.0003 0.0005 0.0000 0.1339 0.0000
npd(f) 0.0011 0.0085 0.0024 0.0021 0.0013 0.0006 0.0145 0.0000
preppd(f) 0.0029 0.0067 0.0018 0.0014 0.0011 0.0005 0.0576 0.0000
vpd(f) 0.0013 0.0009 0.0043 0.0015 0.0004 0.0008 0.0023 0.0001
R1(f) 0.0042 0.0000 0.0004 0.0115 0.0000 0.0002 0.1183 0.0012
RR(f) 0.0002 0.0001 0.0014 0.0010 0.0001 0.0004 0.0575 0.0004
Q) 0.0007 0.0012 0.0000 0.0014 0.0005 0.0001 0.2796 0.0000
alpha(f) 0.0013 0.0019 0.0000 0.0026 0.0006 0.0001 0.0227 0.0002
ATL(f) 0.1700 0.0011 0.0000 0.1840 0.0005 0.0001 0.2105 0.0063
hi(f) 0.0176  0.0008 0.0037 0.0240 0.0004 0.0007 0.0567 0.0003
ttr(f) 0.0263 0.0006 0.0065 0.0414 0.0003 0.0010 0.0115 0.0004
H(f) 0.0022 0.0078 0.0002 0.0024 0.0012 0.0002 0.0076 0.0001
h(f) 0.0002 0.0032 0.0061 0.0003 0.0008 0.0009 0.2063 0.0003
Imbd(f) 0.0009 0.0058 0.0002 0.0004 0.0011 0.0002 0.1297 0.0005
G(f) 0.0149 0.0008 0.0079 0.0242 0.0004 0.0011 0.0304 0.0003
L(f) 0.0022 0.0101 0.0001 0.0018 0.0014 0.0001 0.0002 0.0000
A(f) 0.0049 0.0007 0.0002 0.0054 0.0004 0.0002 0.0854 0.0002
UG(f) 0.0812 0.0000 0.0002 0.0879 0.0001 0.0002 0.0550 0.0001
NDW(f) 0.0502 0.0004 0.0001 0.0454 0.0002 0.0001 @ 0.3425 0.0001
VD(f) 0.0009 0.0126 0.0011 0.0010 0.0016 0.0004 0.2201 0.0001
ste(f) 0.0042 0.0004 0.0034 0.0051 0.0003 0.0007 0.1252 0.0096
ASL(f) 0.0020 0.0000 0.0003 0.0009 0.0000 0.0002 0.0678 0.0000
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Table A.23.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Questions (f) subset. Part 1.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris dCor DE
Morris dCor US

Morris RFC
EMO DE
EMO US

LDEmu(f) ~ 0-0020 0.0018 0.0000 0.0054 0.0006 0.0000 0.1742 0.0018
depmu(f) 00100 0.0006 0.0032 0.0105 0.0003 0.0007 0.0779 0.0383
MDDmu(f) 0-0036 0.0114 0.0016 0.0042 0.0015 0.0005 0.2678 0.0000
DDEmu(f) ~ 0-0007 0.0003 0.0002 0.0014 0.0002 0.0001 0.1318 0.0006

TCImu(f) 0.0025 0.0001 0.0280 0.0037 0.0002 0.0021 0.0053 0.0049

imbmu(f) 0.0004 0.0045 0.1318 0.0009 0.0010 0.0045 0.0754 0.0002
Lmu(f) 0.0036 0.0002 0.0001 0.0037 0.0002 0.0001 0.0708 0.0003
Wmu(f) 0.0031 0.0008 0.0007 0.0032 0.0004 0.0003 0.0283 0.0002
wmu(f) 0.0065 0.0002 0.0029 0.0129 0.0002 0.0007 0.0317 0.0001
Imu(f) 0.0004 0.0027 0.0046 0.0008 0.0007 0.0009 - 0.0045
cmu(f) 0.0042 0.0006 0.0009 0.0060 0.0003 0.0003 0.1475 0.0013
LDEG(f) 0.0000 0.0030 0.0002 0.0010 0.0008 0.0002 0.0604 0.0015
depG(f) 0.0000 0.0001 0.0001 0.0004 0.0002 0.0001 0.0027 0.0003

MDDG(f) 0.0009 0.0003 0.0000 0.0009 0.0002 0.0001 0.0055 0.0001
DDEG(f) 0.0000 0.0012 0.0002 0.0014 0.0005 0.0002 0.0213 0.0006

TCIG(f) 0.0000 0.0069 0.0107 0.0000 0.0011 0.0013 0.0800 0.0001
imbG(f) 0.0000 0.0043 0.0078 0.0000 0.0009 0.0011 0.0748 0.0000
LG(f) 0.0004 0.0008 0.0001 0.0018 0.0003 0.0001 0.0645 0.0001
WG(f) 0.0002 0.0002 0.0001 0.0008 0.0002 0.0001 0.1343 0.0003
wG(f) 0.0004 0.0012 0.0002 0.0004 0.0004 0.0002 0.0872 0.0004
1G(f) 0.0000 0.0025 0.0010 0.0000 0.0007 0.0004 0.1537 0.0001
cG(f) 0.0004 0.0003 0.0001 0.0006 0.0002 0.0001 0.0156 0.0004
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Table A.24.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Questions (f) subset. Part 2.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

LDEH(f) 0.0016 0.0092 0.0027 0.0019 0.0013 0.0006 0.0291 0.0003
depH(f) 0.0013 0.0089 0.0027 0.0024 0.0013 0.0006 0.0210 0.0001
MDDH(f) 0.0020 0.0069 0.0058 0.0027 0.0012 0.0009 0.0528 0.0002
DDEH(f) 0.0016 0.0090 0.0025 0.0024 0.0013 0.0006 0.0596 0.0001
TCIH(f) 0.0016 0.0010 0.0002 0.0026 0.0004 0.0002 0.0140 0.0000
imbH(f) 0.0007 0.0087 0.0026 0.0027 0.0013 0.0006 0.0428 0.0002

LH(f) 0.0027 0.0087 0.0026 0.0029 0.0013 0.0006 0.1162 0.0003
WH() 0.0009 0.0088 0.0027 0.0008 0.0013 0.0006 0.0116 0.0003
wH(f) 0.0011 0.0033 0.0119 0.0019 0.0008 0.0013 0.0337 0.0000
IH(f) 0.0011 0.0071 0.0228 0.0009 0.0012 0.0019 0.0536 0.0185
cH(f) 0.0002 0.0088 0.0026 0.0001 0.0013 0.0006 0.0372 0.0003
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Table A.25.: BERT related feature selection in real-valued experiments.

columns: experiments. Answers (a) subset.

btH(a)
btlH(a)
bth(a)
btdfa(a)
btrac(a)
btradc(a)
btac1(a)
btac2(a)
btac3(a)
btac4(a)
btadc1(a)
btadc2(a)
btadc3(a)
btadc4(a)
btadc5(a)
btadcé(a)
btadc7(a)
btadc8(a)
btadc9(a)
btadc10(a)
bstsim(a)
bsesim(a)

bsH(a)

Sobol RFC

0.0049
0.0007
0.0049
0.0571
0.0011
0.0022
0.0787
0.0294
0.0058
0.0060
0.0016
0.0007
0.0007
0.0040
0.0016
0.0011
0.0025
0.0027
0.0020
0.0060
0.0165
0.2483
0.1686

Sobol dCor DE

0.0030
0.0008
0.0017
0.0018
0.0000
0.0000
0.0001
0.0046
0.0045
0.0001
0.0000
0.0012
0.0003
0.0017
0.0010
0.0030
0.0003
0.0014
0.0030
0.0227
0.0016
0.0001
0.0001

Sobol dCor US

0.0039
0.0004
0.0006
0.0001
0.0082
0.0007
0.0003
0.0000
0.0011
0.0002
0.0002
0.0008
0.0003
0.0025
0.0054
0.0005
0.0000
0.0001
0.0001
0.0003
0.0017
0.0000
0.0001

Morris RFC

0.0053
0.0015
0.0069
0.0504
0.0022
0.0018
0.0870
0.0279
0.0062
0.0097
0.0034
0.0014
0.0018
0.0050
0.0014
0.0016
0.0024
0.0019
0.0029
0.0076
0.0118
0.2371
0.2414
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Morris dCor DE

0.0008
0.0004
0.0006
0.0006
0.0000
0.0001
0.0001
0.0009
0.0009
0.0001
0.0001
0.0005
0.0002
0.0006
0.0004
0.0007
0.0002
0.0005
0.0007
0.0021
0.0006
0.0001
0.0001

Morris dCor US

0.0008
0.0002
0.0003
0.0001
0.0011
0.0003
0.0002
0.0000
0.0004
0.0002
0.0002
0.0003
0.0002
0.0006
0.0009
0.0003
0.0001
0.0001
0.0001
0.0002
0.0005
0.0000
0.0001

EMO DE

0.0078
0.0032
0.0013
0.0048
0.1089
0.0005
0.1332
0.1604
0.0474
0.0853
0.0224
0.0053
0.1209
0.0998
0.0083
0.0789
0.0296
0.0438
0.0002
0.0119
0.0942
0.2163
0.0362

Rows: features,

EMO US

0.0001
0.0087
0.0002
0.0005
0.0434
0.0012
0.0009
0.0001
0.0004
0.0002
0.0000
0.0000
0.0005
0.0010
0.0007
0.0002
0.0007
0.0010
0.0000
0.0004
0.0001
0.0002
0.0004



Table A.26.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Answers (a) subset. Part 1.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

0.0018 0.0075 0.0057 0.0019 0.0012 0.0009 0.0002 0.0000
0.1624 0.0001 0.0000 0.2187 0.0001 0.0001 0.0000 0.0003
0.0027 0.0069 0.0092 0.0040 0.0012 0.0012 0.0066 0.0000

(a)

(a)

(a)
fA(a) 0.0018 0.0009 0.0049 0.0034 0.0004 0.0008 0.0006 0.0000

(a) 0.0272 0.1013 0.0001 0.0435 0.0045 0.0001 0.0736 0.0000

(a) 0.0158 0.0004 0.0138 0.0189 0.0003 0.0014 0.0022 0.0000

(a) 0.0011 0.0031 0.0000 0.0016 0.0007 0.0000 0.0405 0.0013
0.0002 0.0001 0.0030 0.0009 0.0001 0.0007 0.1567 0.0000
0.0047 0.0004 0.0003 0.0062 0.0002 0.0002 0.1665 0.0006
0.0009 0.0163 0.0000 0.0012 0.0018 0.0000 0.1089 0.0000
0.0038 0.0002 0.0003 0.0069 0.0002 0.0002 0.0001 0.0000
0.0540 0.0002 0.0075 0.0804 0.0002 0.0011 0.0004 0.0000
0.0489 0.0000 0.0155 0.0693 0.0001 0.0015 0.0279 0.0000
0.0120 0.0001 0.0041 0.0209 0.0001 0.0008 0.0056 0.0001

0.0228 0.0002 0.0066 0.0318 0.0002 0.0010 0.1527 0.0006

0.0138 0.0000 0.0002 0.0228 0.0001 0.0002 0.1235 0.0009
0.0174 0.0047 0.0001 0.0266 0.0010 0.0001 0.0372 0.0003
0.0033 0.0000 0.0055 0.0048 0.0001 0.0009 0.1113 0.0005
0.0000 0.0002 0.0014 0.0001 0.0002 0.0004 0.0340 0.0006
0.0000 0.0000 0.0026 0.0010 0.0001 0.0006 0.1581 0.0000
0.0000 0.0006 0.0001 0.0004 0.0003 0.0001 0.2699 0.0000
0.0000 0.0222 0.0002 0.0003 0.0021 0.0002 [ 0.5786 @ 0.0000

(a)
(a)
(a)
(a)
(a)
(a)
(a)
(a)
f30(a)  0-0000 0.0001 0.0003 0.0001 0.0001 0.0002 0.0040 0.0022
(a)
(a)
(a)
(a)
(a)
(a)
(a)
() 00004 0.0001 0.0008 0.0018 0.0001 0.0004 0.0044 0.0001
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Table A.27.: F feature selection in real-valued experiments. Rows: features, columns: exper-
iments. Answers (a) subset. Part 2.

m %)
23] v @) -
A -] — =
O 8 3 g 3 S
= QO Q & s e 43 wn
e} irs) s = = = @) ®)
2 2 2 S S S =
A %) A = p= = = =

0.0016 0.0002 0.0110 0.0021 0.0002 0.0013 0.0338 0.0003
0.0009 0.0005 0.0020 0.0010 0.0003 0.0005 0.0316 0.0004
0.0011 0.0033 0.0001 0.0010 0.0008 0.0001 0.0014 0.0011
0.0011 0.0006 0.0017 0.0027 0.0004 0.0005 0.1263 0.0006

0.0042 0.0001 0.0020 0.0072 0.0001 0.0005 0.0733 0.0005
0.0000 0.0003 0.0003 0.0019 0.0002 0.0002 0.1244 0.0011

(a)
(a)
(a)
(a)
£79(a)  0:0038 0.0000 0.0003 0.0056 0.0000 0.0002 0.0311 0.0001
(a)
(a)
(a) 0-0025 0.0000 0.0023 0.0065 0.0000 0.0006 0.0395 0.0002
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Table A.28.: Lexical and linguistic feature selection in real-valued experiments. Rows: fea-
tures, columns: experiments. Answers (a) subset.

a3 n
o3 wn A )
A - = I
O 5 5 2 S S
~ o S %) %) %) A )
£ £ £ & 5 & £ 2
A A A p= = = = =
ppd(a) 0.0000 0.0002 0.0005 0.0008 0.0002 0.0003 0.0547 0.0001
apd(a) 0.0000 0.0002 0.0013 0.0003 0.0002 0.0004 0.1560 0.0003

adjpd(a) 0.0018 0.0008 0.0007 0.0024 0.0004 0.0003 0.0457 0.0001
advpd(a) 0.0000 0.0023 0.0003 0.0000 0.0007 0.0002 0.0043 0.0000

dpd(a) 0.0000 0.0002 0.0005 0.0000 0.0002 0.0003 0.1095 0.0004
npd(a) 0.0042  0.0038 0.0017 0.0050 0.0009 0.0005 0.0008 0.0000
preppd(a)  0-0042 0.0374 0.0098 0.0084 0.0027 0.0012 - 0.0020
vpd(a) 0.0045 0.0010 0.0040 0.0078 0.0005 0.0008 0.0058 0.0000
Ri(a) 0.0094 0.0017 0.0000 0.0109 0.0006 0.0001 0.0102  0.0004
RR(a) 0.0020 0.0012 0.0018 0.0024 0.0005 0.0005 0.0242  0.0005
0(a) 0.0054 0.0001 0.0002 0.0087 0.0001 0.0001 0.2167 0.0002
alpha(a) ~ 0:0020 0.0000 0.0002 0.0033 0.0001 0.0002 0.1160 0.0001
ATL(a) 0.0729 0.0011 0.0001 0.1031 0.0004 0.0001 0.0150 0.0000
hi(a) 0.0042 0.0016 0.0004 0.0048 0.0006 0.0002 0.0903 0.0000
ttr(a) 0.0009 0.0001 0.0004 0.0016 0.0001 0.0002 0.1133  0.0005
H(a) 0.0016 0.0002 0.0041 0.0014 0.0002 0.0008 0.0111 0.0002
h(a) 0.0018 0.0006 0.0032 0.0040 0.0003 0.0007 0.0513  0.0005
Imbd(@) 00007 0.0037 0.0004 0.0014 0.0008 0.0002 0.0694 0.0002
G(a) 0.0027 0.0001 0.0016 0.0043 0.0001 0.0005 0.0847 0.0002
L(a) 0.0040  0.0005 0.0051 0.0056 0.0003 0.0009 0.0000 0.0000
Aa) 0.0018 0.0019 0.0004 0.0022 0.0006 0.0002 0.0003 0.0001
UG(a) 0.0245 0.0008 0.0010 0.0314 0.0004 0.0004 0.1004 0.0003
NDW()  0-0033 00112 0.0000 0.0046 0.0015 0.0000 0.0766 0.0001
VD(a) 0.0029 0.0004 0.0001 0.0062 0.0003 0.0001 0.0009 0.0000
ste(a) 0.0016 0.0001 0.0160 0.0026 0.0001 0.0016 0.0193  0.0004
ASL(a) 0.0201 0.0004 0.0111 0.0350 0.0003 0.0013 | 0.5499 0.0000
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Table A.29.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Answers (a) subset. Part 1.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris dCor DE
Morris dCor US

Morris RFC
EMO DE
EMO US

LDEmu(a)  0-0020 0.0002 0.0023 0.0066 0.0002 0.0006 0.0037 0.0003
depmu(a)  0:0056 0.0001 0.0004 0.0057 0.0001 0.0002 0.0210 0.0007
MDDmu(a) 0-0054 0.0050 0.0002 0.0045 0.0010 0.0001 0.0006 0.0006
DDEmu(a) ~ 0-0040 00139 00044 00034 00017 0.0008 02513 0.0004

TCImu(a) 0.0047 0.0011 0.0021 0.0060 0.0005 0.0005 | 0.5198 0.0002

imbmu(a) 0.0011 0.0020 0.0013 0.0012 0.0006 0.0004 0.1942 0.0007
Lmu(a) 0.0013 0.0066 0.0001 0.0027 0.0011 0.0001 0.0158 0.0001
Wmu(a) 0.0022 0.0063 0.0026 0.0046 0.0011 0.0006 0.2607 0.0003
wmu(a) 0.0025 0.0011 0.0006 0.0036 0.0004 0.0003 0.0011 0.0001
Imu(a) 0.0000 0.0001 0.0027 0.0000 0.0001 0.0006 0.0056 0.0116
cmu(a) 0.0018 0.0090 0.0104 0.0043 0.0013 0.0013 0.0505 0.0006
LDEG(a) 0.0002 0.0005 0.0020 0.0022 0.0003 0.0005 0.0393 0.0003
depG(a) 0.0016 0.0022 0.0060 0.0039 0.0007 0.0010 0.0139 0.1261

MDDG(a) 0.0016 0.0012 0.0003 0.0021 0.0005 0.0002 0.0310 0.0000
DDEG(a) 0.0076 0.0002 0.0046 0.0143 0.0002 0.0008 0.0010 0.0002

TCIG(a) 0.0031 0.0000 0.0003 0.0039 0.0001 0.0002 0.0147 0.0004
imbG(a) 0.0011 0.0004 0.0000 0.0037 0.0003 0.0001 0.0569 0.0014
LG(a) 0.0000 0.0045 0.0002 0.0009 0.0010 0.0002 0.1286 0.0001
WG(a) 0.0000 0.0007 0.0002 0.0001 0.0004 0.0001 0.0335 0.0012
wG(a) 0.0009 0.0004 0.0007 0.0019 0.0002 0.0003 0.0001 0.0001
1G(a) 0.0002 0.0046 0.0000 0.0009 0.0010 0.0000 0.1279 0.0003
cG(a) 0.0018 0.0005 0.0001 0.0014 0.0003 0.0001 0.1335 0.0001
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Table A.30.: Syntactic feature selection in real-valued experiments. Rows: features, columns:
experiments. Answers (a) subset. Part 2.

Sobol RFC
Sobol dCor DE
Sobol dCor US
Morris RFC
Morris dCor DE
Morris dCor US
EMO DE

EMO US

LDEH() 00071 0.0001 0.0001 0.0069 0.0001 0.0001 0.0889 0.0007
depH(a) 00031 0.0002 0.0003 0.0054 0.0002 0.0002 0.0143 0.0011
MDDH(a) 0-0009 00000 0.0020 0.0029 0.0001 0.0005 0.0154 0.0059
DDEH(z)  0-0045 00002 00002 0.0115 0.0002 0.0002 0.0002 0.0011
TCIH() 00306 00000 0.0027 0.0410 0.0001 0.0006 0.0922 0.0002
imbH(a) 00029 00002 00002 0.0070 0.0002 0.0001 0.0011 0.0010

LH(a) 0.0047 0.0002 0.0002 0.0075 0.0002 0.0002 0.1897 0.0005
WH(a) 0.0105 0.0002 0.0002 0.0158 0.0002 0.0002 0.0217 0.0005
wH(a) 0.0141 0.0007 0.0042 0.0156 0.0004 0.0008 0.1414 0.0012
1H(a) 0.0105 0.0002 0.0053 0.0072 0.0002 0.0009 0.1164 0.0057
cH(a) 0.0031 0.0002 0.0002 0.0042 0.0002 0.0002 0.2942 0.0002
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