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Abstract 

In analyzing learner language use, it is important to understand the influence of 

prompts given for writing tasks. The study reported upon in the present paper aimed to 

investigate the effects of essay prompts on language use in essays written by English as 

a foreign language students, using a machine learning approach. The study compared 

the essays of East-Asian learners of English in terms of various linguistic features (e.g., 

parts-of-speech, grammar, and discourse features) proposed by Biber (1988), The essays 

were drawn from the International Corpus Network of Asian Learners of English 

Oshikawa, 2011), which is considered to be the largest East Asian database of written 

compositions. The database contains essays written in response to two prompts, namely 

(a) It is important for coJlege students to have Ii psrt time job, and (b) Smoking should 

be compJetely btmned at aD the resta.ura..Dts iD the country. The results of the present 

study indicate that the language used in the prompts significantly influenced the 

learners' language production. The findings suggest that it is crucial to consider essay 

prompts in terms of parts-of-speech, grammar, and discourse features, and to 

investigate the influence of such essay prompts on written compositions when 

conducting learner corpus studies. 
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I Introduction 

A learner corpus is a computerized textual database of language produced by foreign 

language learners U,.eech, 1998). Construction of such learner corpora has flourished in 

the last two decades (e.g., Pravec, 2002), allowing a new trend in research on such 

learners wherein multiple learner corpora are compared (e.g., Granger, 2013; 'lbno, 
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2007). In general, a corpus is constructed with a specific purpose on the basis of explicit 

design criteria (Atkins, Clear, & Ostler, 1992), and the results of analyses in corpus 

linguistics depend on the corpus itself (e.g., Sinclair, 1991). Therefore, it is cru.ci.al for 

researchers to consider the design of a particular corpus when making comparisons 

across different corpora. In particular, topic, task, and text length can have a possibility 

to influence the "opportunity of use" for a given linguistic feature (Buttery & Caines, 

2012). 

II Research Design 

2.1 The Purpose of the Study 

The present study aimed to investigate the effects of essay prompts on language use 

in the essays of English as a foreign language (EFL) learners, using a machine learning 

approach. The study compares language use in the essays in terms of a number of 

linguistic features originally examined by Biber (1988), namely parts-of-speech, 

grammar, and discourse features. It also attempts to identify particular linguistic 

features whose frequency of use may be affected by a difference in the prescribed essay 

topic. 

2.2 Corpus Data 

This study draws on the International Corpus Network of Asian Learners of English 

(ICNALE) (Ishikawa, 2011), a corpus of one million words in written samples from EFL 

learners and native speakers, which is considered to be the largest East Asian 

composition database. The corpus contains essays written in response to two different 

prompts, namely (a) It is important for college students to have a. part time job (prJ), 

and (b) Smoking should be completely ba.nned a.t a.JJ the restaurants in the country 

(SMK). Students are required to write their essays using word-processing software and 

without the use of dictionaries and other reference tools. They are asked to do an 

electronic spell-check before submitting the essay. The essays are required as extra 

homework for their EFL classes. The data analyzed in the present study is a subset 

from this corpus, including the written compositions of 2,000 EFL learners. Table 1 

shows the size of each sub-corpus, according to essay topic and the learners' country of 

origin. The number of students from each country who wrote on each topic is identical. 

The length of each essay was between 200 and 300 words. 



165

Table 1 Corpus size of four groups of EastAsian EFL learners 

Hong Korea Taiwan Japan Total 

Kong(HK) (KoR) (TWN) (JPN) 

Participants (PTJ) 100 300 200 400 1,000 

Participants (SMK) 100 300 200 400 1,000 

Total words 47,365 135,447 91,497 177,236 451,545 

Mean words per essay 237 226 229 222 226 

2.3 Linguistic Features 

As pointed out in Biber (1986) and Biber, Conrad, and Reppen (1998), limiting the 

number of linguistic features targeted in a corpus study can yield limited results. The 

67 linguistic features proposed. by Biber (1988) are broadly used in the field of corpus 

linguistics to examine variation in linguistic texts (e.g., Conrad & Biber, 2001; Frignal, 

2013). Applying these features to learner corpora in previous research, we have 

succeeded in identifying the linguistic features that can be used to discriminate between 

different East Asian EFL learners and to distinguish native and non-native speakers of 

English (Abe, Kobayashi, & Narita, 2013). The present study applied 68 of the 67 

linguistic features1 examined. by Biber (1988) to the EFL essay corpus. A full list of the 

linguistic features analyzed in the present study can be found in the Appendix. 

2.4 Statistical Methods 

We employed an algorithm of machine learning, namely random forests 03reiman, 

2001; Breiman & Culter, n.d.). Random forests can be defined as an ensemble learning 

method. that operates by constructing a large collection of decision trees. The method 

generally achieves higher levels of accuracy than other statistical classifiers. Moreover, 

it can handle thousands of input variables without leading to variable deletion, thereby 

providing reliable estimates of what variables are important for the classification. 

2.5 Procedures 

We began by calculating the frequencies of the 58 linguistic features in the 2,000 

essays. Using random forests, we then compared the 1,000 PTJ essays with the 1,000 

SMK essays. Following this comparison, we identified linguistic features that were 

characteristic of essays written on each topic. Finally, we examined the similarity of the 

frequency patterns of linguistic features in the essay prompts and in the learners' 

essays. 

III Results and Discussion 

We began by examining whether language use, as reflected. by the 58 linguistic 

features, differed between the PTJ and SMK essay topics. Random forests allow a visual 
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RpnlHlltation of the Iimiluity between tut. in a muitidjmenaiOJl_J IICIlling diagram. 

The IrimilaritieI acroM the 2,000 _y writinp ue thown in FiJme 1. AdditionaI1y, the 

om-or rate. tixr p:redictiDr the _ay topic from the pattem of liD«ui.tic feature. uliDi 

the etatiaticlll model are prorided in Table 2. 
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In Figure 1, each dot rep:reIIenti lID. ell., OJ!. the PTJ topic and each triangI.e 

RpnlHZltl an _..,. on thI 8MB: topic. ThI ClOOI'dmateB in the diq:ram MfIect the 

:re1atUnt.hlp. between _y. (Ill the two topiel. 'I'he diltribution or the -.yl .run,. 
that thOle on each topie clu.tt6:r toret;her, with PTJ eNayll dllltered. OJI the rieht-hand 

.me of the diagram and SMK eHaYI OJ!. the left.. Thill cluate:rinc IUftO&tI that e.aayI on 

the two topicII ditIu- in thlir-1lIII aIthl58~tic faatu:ru. 

Table 2 IhOWJ how aoou:rately the random to:re.tI model il able to c1u1lify the eINyI 
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in tennJI aI topic. TU model yielded the oornct p-ncmon far 94~ aI the 1,000 PTJ 

e • .,.. (?efIeet;inr an et'1'01' rate aI 5.7%), and lor 881 aIthe 1,000 SMK _YI' (reflecting 

an enor rate ofn.9%). The aven.re er.ror 1'&te _. 8.8%, mowing that the random 

rare.t. model could conectly predict the topjc of 91..2% aI the 2,000 eIInyJI.1 The.e 

findinp .\lIP1t a .ubatantial diffimmce in Janruap IlM! betwMn PTJ and SMK~. 

The next Itep wu to identity ~ featme. ehal'actel'iJtic of each eII.ay topic. 

One aItha merit. of n.no:kIm bit. in thilltud,y w .. it. ability to Iriihliiht the eft'eeI; of 

the eu.,. prompt 011 the occur.rence of the linguiltic feature. by meIDII aI the 

M~. TIn. l!lIIaIUl'tI indicate. the IllIIIln d«1'e1l..l. in the Gini indu, which 

it; an index of the uneven diltribution aI a p..-ticulal' variable between grouP' when the 

variable in quNtion it; excluded. from analyU ITabata, 2012). F$Ire 2 preIOD.tI the 

M~farthe 58 qw.tic feature •. 

• • · • • • • • • • • • • • • • • • • • • • • • • • • • • · • • • • • • • • • • • • • • • • • • 
, 

• • • • • • • • 

" 

• 

'" "-...... 
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All ia clear from Figure 2, the top 10 li.n,w.tic featlll'M that are .bl. to diacri.min.te 

.any topiell were W agentt .. a pauive., (b) neeeuity modalt, W amplifIel'II, (d) third 

pe&'llOIl plOlIOWlI, (e) :iD1mitiYOll, (0 attributive adjective., Vt) analytit: neration, (b) place 

adve:rbiall, 6) fint penlOIl PlODOUllll, II1d (j) other total DO\IIlI. Whereu the 

M~ identifi. .. the \ingIliatic fa:tuna that are heoavily affected by the 

eany prompt, it cannot IP(Icify which _y prompt had a 1trOIi& UIOciation with • 

&iven ~ feature. It ia theI-elore informati.e to toIlIider a &raphie depietio.n of the 

mutPnal effect of. variable = the claM probability. ~ 3 ahaw. the relationahip of 

.ach ofthc top 10 Jinruiltic f.tI1nI8lI1d "MY topicII in partial depmuieney plotli . 

.,...c ...... ~ .... Me •• Iffy ........... -_. _ .P«MI'.pt ........... 

f~O f:O f~D f~D I' I- I' I' 
.. • .. .. .. ; co. ;; , . 

o 1 ~ , • . . . " 
......... --

f~D f10 I ' I • . - . . " • o I >II IS 

Fi&-. 3 The rclatinJJl!bjpa between the top 10 ~tic featuzca II1d eHaY topic_ 
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particulu Jincuistic faature (pm- 100 woro.). TU YWtical aDl Bhow the probUility al 

ellay topic. A riJJin« line indicatel that the partieulu Iingm.tk: featme __ frequently 

u.oo. in PrJ eHayll, and a falling line indieate. frequent u.e in SM:K aiMyl. ThUl, thelia 

plDtllhow whicb.1incui1tW featurel were more COIDIIlOII!y u.ed in elgyl 011. each topic. 

In addition, the frequency diltributionl of the top 10 J.inguistie faaturu ara lhown in 

t1Ie:form ofboxplDtl in Figure .... 
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Fig. 4 Frequency dimibutiona altha top 10 JincuiKicfaaturM (pm- 100 word.) 

Accozdm&" to the hm. plDtl, fuur ~ feature. were frequently uled in PrJ ellaYl, 

.. compared to SMK ell.,., nam.ely W tlrlrd penon proIIOtlIIa, (1,) infinitift., (cl 

attributive adjllCltivel, and (d) fint perIOD. pronat1IIII. Amonj: thue fuur fell.tureI, both 

infinitive. and attributive adjective. were tiled in the prompt £or PrJ ell&yll (It i6 

impgrt«pt Ibr coJJep tttudeD.t. l!! b.ve a put time joN. On the other hand, the Ii%. 

remaiIrlng J:inguj.tic future. were more frequently UIed. in SMK euayI, namely W 
agentl ... paaiv., (b) neoellity modili, (cl amplifiera, (d) anaIytie nep.tion, (e) placa 



170

adverbials, and (0 other total nouns. Among these six features, agentless passives, 

necessity modals, amplifiers, and other total nouns were used in the prompt for SMK 

essays CSmoking should be completely hsnned at s.JJ the restaurants in the country,. 

Although other total nouns were used in both essay prompts, they were frequently used 

in SMK essays. Thus, the analysis reveals that some of the linguistic features that were 

most frequently used in essays by language learners were identical to those used in the 

essay prompt. This suggests that the reuse of the wording of an essay prompt may affect 

the language use in written compositions, and this result supports the n-gram analysis 

of Ishlkawa (2009). 

A further important finding is that agentless passives were the most discriminant 

linguistic feature in distinguishing the topic of essays in this study (see Figure 2). 

Passives are often used in calculations of text readability (e.g., Stock.meyer, 2009), as 

well as for automated essay evaluation (e.g., Landauer, Laham, & Foltz, 2003).SThus, 

the frequency of passive constructions can potentially affect the score assigned to an 

essay. The use of passives in the wording of an essay prompt ought therefore to be 

carefully considered. In addition, the possible effects of other linguistic features in essay 

prompts, such as parts-of-speech (e.g., nouns), grammar (e.g., passives), and discourse 

features (e.g., amplifiers), should be carefully considered in terms of their possible effect 

on the written compositions of EFL learners. 

IV Conclusion 

The purpose of the present study was to investigate the effects of essay prompts on 

language use in EFL compositions using a machine learning approach. The findings 

suggest that the essays of EFL learners are greatly influenced by the nature of the 

essay prompt, and that essays written in response to different prompts differ in terms of 

the frequency of OCCUl'l'ence of certain linguistic features. Furthermore, the linguistic 

features occurring in the prompt were directly reflected in the learners' essays. These 

findings show that it is crucial to consider aspects of parts-of-speech, grammar, and 

discourse in essay prompts when conducting research involving learner corpora. Topic 

variety is strictly controlled in corpora like the ICNALE, but it is still necessary to pay 

attention to the language use in the wording of the essay prompt. In conclusion, it is 

important to remain aware of the potential influence of an essay prompt on learner 

essays in a corpus study. 

Notes 

1.) Seven features were excluded because of differences in the software used to annotate 

part-of-speech tags, namely (a) demonstratives, (b) gerunds, (c) present participial 

clauses, (d) past participial clauses, (e) present participial WlITZ deletion relatives, (0 
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sentence relatives, and (g) subordinatorthat deletion. In addition, two features, namely 

typeltoken ratio and word length, were excluded because they are categorized as word 

variation rather than as linguistic features. 

2) In random forests, there is no need for croSS'validation or a separate test set to gain an 

unbiased estimate of the test set error. In the out'of'bag (OOB) error estimate, each tree 

is constructed using a different bootstrap sample from the original data. Approximately 

one·third of the cases are left out of the bootstrap sample and are not used in the 

construction of the classification model (Breiman & Cutler, n.d.). 

S) Frequencies of linguistic features, such as agentless passives and attributive 

adjectives, are associated with higher essay scores (Weigle, 2013). 
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Appendix: Unguistic Features Ana/yzad in the Present Study 

Linguistic category and examples 

A Tel!IIe and aspect marksn 

1. past tense 

2. perfect aspect 

3. present tense 

B. Place and time adverbials 

4. place adverbials (e.g., serosa, behi.Dd, inside) 

5. time adverbials (e.g., esriy, receJltly; ~ 

C. Pronoun. and pro-verb. 

6. first person pronouns 

7. second person pronouns 

8. third person pronouns (excluding i~ 

9. pronoun it 

10. demonstrative pronoWlS (that, this, these, those) 

11. indefinite pronouns (e.g., anybody, nothing; someone) 

12. pro-verb do (e.g., the cat did it) 
D.Queotiom 

13. direct WH -questions 

E. Nominol fomu! 

14. nominalizations (ending in -tion, -lJ2eJlt, -ness. -i~ 

15. other total nouns (except for nominalizations) 

F.Paasives 

16. agentless passives 

17. bypassives 

G. Stati ... fomu! 

18. be as main verb 

19. existential there (e.g., there are several expJanatiOIllJ ••• ) 

H. SubordinatiDn 

Hl. ComplementatiDn 

20. thstverb complements (e.g., I said that he went) 

21. that adjective complements (e.g., rID. glad that you like it) 

22. WH-c1auses (e.g., I believed what he told me) 

23. infinitives (ta-clause) 

H2. Participial forms 

24. past participial postnominal (reduced relative) clauses (e.g., the solution produced 

hythi8~ 

H3. Relativeo 
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25. thatre1atives in subject position (e.g., the dog that bit me) 

26. that relatives in object position (e.g., the dog that I saw) 

27. WH relatives in subject position (e.g., the man who likes popcorn) 

28. WH relatives in object position (e.g., the man who Sally likes) 

29. WH relatives with fronted prepoeition (e.g., the manner in which he WlIS tole/) 

H4. Adverbial clauses 

30. causative adverbial subordinators: because 

31. concessive adverbialsubordinators: although, though 

32. conditional adverbialsubordinators: if; UDless 

33. other adverbial subordinators: (having multiple functions) (e.g., siD.ce, while, 

whereas) 

I. Prepooitional pbraseo, adjocti_. and adverbs 

34. total prepositional phrases 

35. attributive adjectives (e.g., the big horse) 

36. predicative adjectives (e.g., the horse is hiJP 
37. total adverbs (except conjuncts, hedges, emphatics, discourse particles, downtoners, 

amplifiers) 

J.Iaical~ 

38. conjuncts (e.g., consequently, furthermore, howeVE!rl 

39. downtoners (e.g .• barely, nearl.J< slightJjJ 

40. hedges (e.g., at about, SOIlletmng like, sJ..most) 

41. amplifiers (e.g., absolutely, extremely. perfectI;1 

42. emphatics (e.g., a lot, for sure, ~ 

43. discourse particles (e.g., sentence initial weJJ, DOW. anywBJ1 
KModals 
44. possibility modals (can, may, might, coultIJ 

45. necessity modals (ought, should, must) 

46. predictive m.oda1s (will, would, shall) 

L. Bpecializecl.."b c1u ... 

47. public verbs (e.g., acknowledge, admit, agree) 

48. private verbs (e.g., anticipate, IlSSUme, believe> 

49. suasive verbs (e.g., 1l{fT88, arrange, BSk) 

50. seem and appear 

M. Reduced forms and mspreferred otruc:tures 

51. contractions 

52. stranded prepositions (e.g., the cllDdida.te that I WlIS thinking Db 
53. split infinitives (e.g., he WBD&9 to convincingly prove that ... ) 

54. split auxiliaries (e.g., they are objectively shown to ... ) 

N. Coordination 
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55. phrasal coordination (e.g., NOUN and NOUN, ADJ and AD.1) 

56. independent clause coordination (clause initial anc/) (e.g., It was my birthday and I 

was ezcited.) 

O. Negation 

57. synthetic negation (e.g., no answer is good enough for Jonem 

58. analytic negation: not (e.g., that's not lik~ 


