MWE FOR ESSAY SCORING ENGLISH ASA FOREIGN LANGUAGE

RODRIGO WILKENS*, DAIANE SEIBERT', XIAOOU WANG*, THOMAS FRANCOIS®

*CENTAL [L.&C, UCLOUVAIN TKU LJUV_EN

INTRODUCTION

Objectives:
1. Verity MWE impact on learners’ proficiency.
2. Compare MWE-based features with classic linguistic ones.

e Multiword expressions (MWE) are associated with proficiency.
e MWEs are usually neglected in works concerning automated scoring
of language learners.

OTHER FEATURES

LEN Length-based (4)

GRD Graded resource (6)

FRQ Frequency features (18)
NGH Orthographic neighbor (8)
NRM Lexical Norms (8)

SOP Lexical sophistication (6)
POS Part-of-speech tags (17)

MWE FEATURES

MWE.,; Occurrence of MWE, based on a list of more than 62 thousand
MWEs (Muraki et al., 2022).

MWEc¢on: The concreteness ratings of the MWE perceived by native
speakers.
Snow shower v. Skeleton in the closet

MOR Morphology features (56)
DEP Dependency relations (37)
TINS Verb tense (19)

PRH Phrase usage (34)

DEV Language development (5)
DVR Lexical diversity (112)
COH Coherence features (15)

CORPUS

e EFCAMDAT, 10 most repre-
sented nationalities.

e Unification of C1 and C2 lev-
els into C level since the quan-
tity of texts decreases consid-
erably in higher levels.

e Truncation of the larger na-
tionalities to reduce bias.
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MWUE USAGE STATISTICS

Correlation of MWE features aggregators
MWE | Kurt | Avg | Q3 | Median | Q1

CONC | 0.40 | 0.36 | -0.29 -0.35 -0.37
CNT - 0.21 | -0.02 : -

LEVEL CLASSIFICATION

e Parser (MOR, POS, DEP, PRH and TNS)
e NRM,, is the lexical norms-based features (NRM and MWE )
o AIl-MWE, all features excluding MWE ones

PROFILING MWE USAGE

e Beginners produce more con- Concreteness kurtosis per level

Machine learning models using different features

centre de traitement
automatique du langage

crete MWESs, more abstract — =i Feature | RandForest SLogistic
ones are found in higher lev- 2 os set ACC F1 MAE | RMSE
els. E LEN 0.553 | 0.553 | 0.897 1.364
e Kurtosis is highly relevant to § Rl . FRQ 0632 | 0682 | 0.739 1.200
MWE's concreteness. ? o GRD 0.490 | 0.490 | 1.014 | 1.487
NGH 0.501 0.560 1.093 1.520
NRM 0.624 | 0.624 | 0.744 1.158
RELATION BETWEEN MWUE AND LEVEL SOP 0.498 | 0.498 | 0.869 | 1.294
e The concreteness shows better correlation than the occurrence. :DVR 0.745 | 0.745 | 0.410 0,'789
. . . DEP 0.736 | 0.736 | 0.630 1.065
e Higher correlated feature does not imply that the corresponding fea- , -
ture family is highly correlated PRH 0.645 | 0.645 | 0.941 1406
y ey | DEV 0.726 | 0.726 | 0.694 | 1.075
Correlation of different features and famailies of features POS 0.745 | 0.744 | 0.772 1.235
. Correlation MOR 0.775 0.775 0.682 :_126
Family best score best | family TNS 0.565 | 0.559 | 0.731 | 1.161
DVR STTR (all surface tks) | 0.81 | 0.42 (0.25) COH 0.519 | 0.519 | 1.170 1.628
DEV depth 0.70 | 0.48 (0.17) MWE 0.428 | 0.425 | 1.455 1.916
DEP mark 0.62 | 0.29 (0.20) MWE.nt 0.454 | 0.447 | 1.660 2.121
POS punct 0.59 | 0.27 (0.14) MWEcone | 0.418 | 0.413 | 1.499 1.946
LEN | word per sent. 0.58 | 0.50 (0.07) Parser 0.835 | 0.835 | 0.425 | 0.857
NRM | AOA 0.58 | 0.43 (0.13) NRM,; 0.640 | 0.640 | 0.734 | 1.153
FRQ content words subtlex 0.57 | 0.28 (0.18) All 0843 | 0843 | 0.535 0.697
PRH | SBAR 0.54 | 0.20 (0.16) AI-MWE | 0.844 | 0.844 | 0.534 | 0.699
TNS use past 0.51 | 0.18 (0.12)
MOR finite verb 0.47 | 0.26 (0.14)
NGH | phonologic dist 0.47 | 0.20 (0.17) CONCLUSIONS
SOP verbs 0.46 | 0.32 (0.14) B .
NWE MWE,.. . 036 - 1. 1\;[1W.J stgt{stlca Eleasures
COH | PPMI (lemma) 0.29 | 0.14 (0.09) SIOW PIOUIISING TESULLS.
i ErKENO 2 o poled UWE s
MWE MWE.nt 0.21 - ols.
3. We compared MWE and clas-
SIC SCOTes.
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