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 Abstract 

 As  practitioners  introduce  new  educational  technologies  into  their  classrooms,  the 
 potential  for  unintended  outcomes  from  their  use  might  arise.  One  such  potential 
 negative  artifact  is  an  increase  in  the  achievement  gaps  between  learners,  where  high 
 performers  tend  to  benefit  more  from  newly  introduced  educational  technologies  than 
 their  peers.  This  phenomenon  is  commonly  referred  to  as  the  Matthew  effect.  In  this 
 study,  we  leverage  natural  language  processing  (NLP)  based  transformers  to  introduce 
 English  language  support  to  English  as  a  Foreign  Language  (EFL)  learners  while  they  are 
 in  the  writing  process.  A  web-based  application  was  created  that  uses  next-word 
 prediction  and  automatic  reverse  translation  to  help  EFL  participants  in  their  writing. 
 Adult  English  language  learners  from  professional  development  language  schools 
 participated  in  a  counterbalanced  repeated  measures  study.  To  understand  the  presence 
 of  the  Matthew  effect,  learners  were  grouped  based  on  their  self-reported  EIKEN  scores. 
 Their  performance  according  to  two  writing  factors  as  well  as  their  perceived  cognitive 
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 load  while  using  the  tool  were  measured  to  establish  which  groups  benefit  the  most  from 
 using  the  tool.  This  research  sets  the  stage  for  understanding  how  emerging  tools  can 
 support  learning  without  exacerbating  Matthew  effects.  These  effects  should  be 
 considered in both the development and application of educational technology. 

 Conference paper 

 Introduction 

 The  roots  of  AI  in  education  (AIED)  can  be  traced  back  to  the  early  1970s.  One  of  the 
 first  initiatives  of  using  AI  in  the  field  of  education  was  demonstrated  via  an  intelligent 
 teaching  platform  called  "SCHOLAR  CAI"  in  the  United  States  (Collins  &  Grignetti,  1975). 
 Since  then,  the  rapid  progress  of  AI  technologies  has  seen  many  developers  and 
 institutions  implement  these  systems  with  the  ultimate  goal  of  making  learning  and 
 teaching more efficient and effective (Roll & Wylie, 2016). 

 Recent  advancements  in  natural  language  processing  (NLP)  research  have  brought  new 
 opportunities  to  apply  these  cutting-edge  technologies  to  computer-assisted  language 
 learning  (CALL).  For  instance,  grammar  and  spell  check  applications  have  become 
 mainstream  tools  for  English  as  a  Second  Language  (ESL)  /  English  as  a  Foreign 
 Language  (EFL)  educators  (Chun  et  al.,  2021;  Park,  2019).  Thanks  to  these  recent 
 advances  in  NLP,  simple  rule-based  systems  such  as  grammar  checkers  have  added 
 intelligent  context-sensitive  features  to  make  the  feedback  they  give  users  better  reflect 
 individual  writing  styles  and  intended  output.  This  allows  for  greater  user  autonomy  and 
 the  potential  for  improved  output  (Gayed  et  al.,  2022)  creating  an  environment  for  better 
 learning and learner agency 

 An  issue  that  CALL  practitioners  should  be  aware  of  is  the  potential  for  the  Matthew 
 effect  to  influence  the  learning  outcomes  of  their  students.  This  effect,  for  example,  can 
 be  seen  when  children  fall  into  different  reading  levels—stronger  readers  develop  faster 
 and  weaker  readers  fall  further  behind  (Stanovich,  2009).  The  Matthew  effect  in 
 language  learning  can  be  exacerbated  when  educational  technologies  are  introduced.  The 
 edtech  Matthew  effect  manifests  when  the  more  affluent  learners  benefit  more  from 
 educational  technologies  due  to  differences  in  technology  and  human  support  access, 
 making  inequalities  in  education  bigger  (Reich,  2020).  As  such,  CALL  practitioners  should 
 be  cognizant  of  which  learners  are  receptive  to  their  interventions,  both  technology  and 
 non-technology related, to prevent disadvantageous positions from being compounded. 

 This  paper  focuses  on  a  digital  writing  assistant  and  its  potential  impact  on  EFL  writing. 
 Most  current  word  processing  platforms  were  not  built  with  EFL  users  in  mind  and 
 generally  give  feedback  to  the  user  (via  grammar  and  spell-check)  only  after  the  user 
 has  entered  some  input  into  the  system.  The  researchers  have  developed  a  digital  writing 
 assistant  with  a  basic  framework  conceptualized  around  EFLs.  Given  that  this  newly 
 developed  writing  aid  has  the  potential  to  influence  student  writing,  the  researchers 
 explored the equity of using the tool with students with different English skill levels. 

 Research Questions 

 This  paper  examines  the  intersection  of  CALL  and  educational  psychology  by  probing  the 
 CALL  Matthew  effect  on  the  participants  of  this  study.  The  research  questions  we  are 
 addressing include: 

 1.  How  much  improvement  can  be  detected  from  different  level  EFL  participants 
 while under experiment and control conditions? 

 2.  How prevalent is the CALL Matthew effect among the participants? 
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 Writing  proficiency  has  often  been  cited  as  a  goal  of  second  language  education  (Alisaari 
 &  Heikkola,  2016)  and  certainly  the  goal  of  language  learners  themselves.  This  study 
 introduces  a  novel  digital  writing  assistant  that  can  potentially  aid  EFL  students  in 
 achieving  that  goal.  It  is  worth  noting  that  even  though  research  has  shown  smart  digital 
 devices  have  the  potential  to  harm  a  person's  cognitive  function  (e.g.,  memory  recall) 
 (Tanil  &  Yong,  2020),  we  can  find  little  argument  for  going  back  to  life  without  smart 
 devices.  As  such,  the  removal  of  smart  agents  from  education  is  an  unpractical  approach, 
 yet  educators  and  developers  should  be  more  aware  of  the  potential  negative  impacts 
 smart agents may have on learners. 

 Related Works 

 EFL Challenges 

 There  has  been  much  research  on  the  topic  of  digital  tools  and  their  impact  on  writing. 
 More  so,  from  a  CALL  perspective,  digital  mediums  have  been  studied  for  their  possible 
 influence  on  language  learners’  ability  to  write  in  a  second  language  (L2).  Research  has 
 shown  that  writing  in  a  second  language  is  more  difficult  than  writing  in  one’s  first 
 language  (L1)  (Javadi-Safa,  2018;  Silva,  1993),  and  not  having  strong  English  writing 
 skills can adversely affect academic performance (Tan, 2011). 

 A  longitudinal  study  by  Laufer  (1994)  examined  the  lexical  development  of  advanced 
 second  language  learners'  writing.  When  the  participants'  lexical  frequency  and  lexical 
 variation  were  analyzed,  the  researcher  found  only  marginal  improvements  to  the  former, 
 no  improvement  in  the  latter,  and  no  correlation  between  the  two  elements  was 
 identified.  Alfaqiri's  (2018)  study  on  Saudi  Arabian  EFL  students  investigated  the  writing 
 difficulties  and  challenges  participants  experienced.  Data  from  114  participants  showed 
 that  metacognitive  strategies  were  key  to  improved  writing.  Additionally,  participants’ 
 struggle  with  grammar  was  identified  as  a  major  factor  inhibiting  higher-level  writing 
 production. 

 Thus,  EFL  challenges  come  from  at  least  two  fronts:  having  sufficient  lexical  and 
 grammatical  ability  to  execute.  A  common  element  that  restricts  L2  writing  fluency  is  the 
 inability  to  retrieve  lexical  elements  (Schoonen  et  al.,  2009)  and  having  enough  cognitive 
 resources  to  make  way  for  metacognitive  strategies  that  can  improve  their  writing.  These 
 two  challenges  present  a  feedback  loop.  For  L2  writers,  much  of  the  cognitive  load  comes 
 from  translating  L1  thoughts  to  L2  (Nawal,  2018).  To  be  able  to  think  directly  in  L2  as 
 opposed  to  translating  from  L1  and  thus  optimize  cognitive  load,  writers  must  have 
 sufficient  grammar  knowledge  and  vocabulary  to  begin  with.  Retrieving  somewhat 
 familiar  but  not  frequently  used  vocabulary  can  lead  to  the  tip-of-the-tongue 
 phenomenon  which  can  be  frustrating  and  impede  production  if  not  properly  resolved 
 (D’Angelo  &  Humphreys,  2015).  To  be  able  to  succeed  in  highly  cognitive  tasks,  one 
 should  be  able  to  offload  some  of  the  cognitive  efforts  to  the  environment  whenever 
 practical  (Hollan  et  al.,  2000).  For  L2  writing,  being  able  to  produce  is  arguably  more 
 critical  than  being  able  to  fix  grammatical  errors,  thus  these  ancillary  tasks  are  good 
 candidates for tool support. 

 Automated Writing Evaluation 

 Automated  writing  evaluation  (AWE)  systems  have  gained  prominence  in  digital  writing 
 as  the  sophistication  of  the  feedback  available  has  improved  with  the  integration  of  NLP 
 technologies.  These  can  be  built-in  systems  (e.g.,  Microsoft’s  Editor)  or  independent 
 software  packages  (e.g.,  Grammarly)  that  can  be  integrated  into  existing  word 
 processors.  AWEs  are  also  slowly  becoming  popular  as  language  learning  support  tools. 
 Sevcikova's  (2018)  study  of  college-aged  participants  using  AWEs  for  writing  found  that 
 the  systems  can  improve  language  learning.  More  importantly,  students  showed  greater 
 confidence  and  motivation  while  using  an  AWE.  Looking  into  the  accuracy  of  an  AWE  and 
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 how  it  compared  to  human-based  assessment,  Dodigovic  and  Tovmasyan  (2021)  found 
 that  the  AWE  could  largely  reproduce  the  quality  of  human  raters  when  it  came  to 
 detecting  and  remediating  errors.  However,  they  found  certain  errors  (e.g.,  coordination, 
 subordination,  and  relative  clauses)  were  often  undetected  by  AWEs,  leading  the 
 researchers  to  the  conclusion  that  AWEs  cannot  be  solely  relied  upon  for  evaluation  and 
 assessment.  Additionally,  Zhang's  (2020)  study  on  students’  use  of  an  AWE  showed  that 
 engagement  with  AWEs  differed  based  on  the  student’s  English  level.  Higher-level 
 students  were  more  cognizant  of  the  revision  stage  of  writing  and  were  able  to  use  the 
 feedback they were given more effectively. 

 CALL Matthew Effect 

 Confounding  factors  are  commonly  exposed  and  elucidated  in  second  language  acquisition 
 research.  However,  one  confounding  factor  that  the  researchers  found  to  be  less 
 commonly  highlighted  in  CALL  literature  is  the  presence  and  impact  of  the  Matthew  effect 
 on  learning  outcomes  (Lamb,  2011).  This  effect,  as  seen  in  Penno  et  al.’s  (2002)  study  of 
 children’s  vocabulary  acquisition,  was  seen  to  be  unavoidable  across  treatment  conditions. 
 In  the  study,  treatment  interventions  were  not  enough  to  overcome  the  effect  as 
 higher-level  students  made  greater  vocabulary  gains  than  lower-level  students.  Ngiam  and 
 See  (2017)  examined  the  link  between  e-learning  CALL  applications  and  music.  In  their 
 research,  the  Matthew  effect  was  identified  as  one  negative  factor  where  wealthier 
 students,  possessing  more  cultural  capital,  were  able  to  perform  better  than  poorer 
 students  who  did  not  possess  the  same  level  of  capital.  The  poorer  students  then  found 
 themselves in a downward negative spiral, with little awareness of how to improve. 

 Fortunately,  the  EFL  Matthew  effect  can  be  mitigated.  For  instance,  Messer  and  Nash 
 (2018)  were  able  to  minimize  the  EFL  Matthew  effect  in  young  English  speakers  by  using 
 visual  mnemonics  in  a  CALL  study.  The  researchers  found  their  computer-assisted 
 intervention  was  effective  in  improving  vocabulary  acquisition  in  the  participants. 
 However,  as  previously  mentioned,  using  the  current  state-of-the-art  AWEs  may  not  be 
 conducive  to  minimizing  the  Matthew  effect.  Even  without  the  usual  culprits  of  the  edtech 
 Matthew  effect  (e.g.,  technology  access  and  human  support),  introducing  technology  can 
 increase  the  Matthew  effect  just  because  the  learners  do  not  have  the  sufficient  skill  to 
 make  sense  of  the  feedback  they  are  given  by  the  technology.  We  will  be  referring  to  the 
 EFL Matthew effect magnified by technology as the CALL Matthew effect. 

 Methodology 

 Treatment Tool - AI KAKU 

 Advancements  in  natural  language  processing  and  machine  learning  have  led  to  the 
 development  of  more  sophisticated  intelligent  writing  assistants  which  offer  synchronous 
 feedback  to  the  writer  compared  to  traditional  text  editors  (Frankenberg-Garcia,  2020). 
 In  addition,  there  has  been  a  large  volume  of  research  concerning  the  impact  of  those 
 digital  tools  on  the  writing  process  (Ashton,  1999;  Oh,  2020;  O’Regan  et  al.,  2010). 
 AI-assisted  writing  technology  is  commonly  seen  in  the  form  of  next-word  prediction  on 
 smart  mobile  devices  and  in  some  operating  systems.  Increasingly,  next  word  prediction 
 is  becoming  a  feature  available  in  commonly  used  word  processors  such  as  Google  Docs 
 and  Microsoft  Word.  This  next-generation  type  of  writing  assistance  is  presented  to  the 
 user  in  addition  to  spelling  and  grammar  correction  that  users  have  traditionally 
 experienced.  In  addition,  several  applications  give  further  feedback  to  the  user  in  terms 
 of  word  suggestions,  style  feedback,  and  formative  assessment  (e.g.,  Grammarly, 
 Microsoft Editor). 

 Unfortunately,  those  tools  are  primarily  aimed  at  L1  writers  and  were  not  intended  to 
 assist  L2  users  with  their  compositions.  Market  forces  largely  dictate  software 
 development  and  there  is  less  demand  for  digital  tools  that  are  intended  for  the 
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 non-native  level  English  user.  This  in  turn  translates  to  a  paucity  of  literature  about  the 
 effectiveness  of  said  tools  when  EFL  students  are  using  them.  This  paper  examines  a 
 digital  writing  assistant  called  “AI  KAKU.”  The  name  is  a  take  on  the  Japanese  word  “  書  く  , 
 kaku,” which translates to “to write” in English. 

 The  application  was  created  to  assist  L2  writers  as  they  are  producing  written  text.  The 
 web-accessible  artificial  intelligence-based  writing  assistant  tool  aims  to  reduce  some  of 
 the  cognitive  load  that  is  associated  with  the  second  language  writing  process  (Nawal, 
 2018),  allowing  users  the  capability  to  produce  richer,  more  complex  writing  than  they 
 would  without  assistance.  AI  KAKU’s  interface,  as  seen  in  Figure  1,  is  comprised  of  five 
 main  elements:  an  input  field,  a  word  suggestion  engine  with  confidence  scores,  a 
 language  drop-down  menu,  a  reverse  translate  output  field  that  translates  the  users’ 
 inputted  English  into  their  chosen  first  language,  and  a  save/export  icon  for  users  to  be 
 able to download their work. 

 Figure 1.  AI KAKU's interface 

 The  framework  behind  AI  KAKU  outlined  in  the  previous  work  of  Gayed  et  al.,  (2022),  will 
 be  briefly  described  here.  The  next-word  prediction  is  implemented  using  AllenNLP 
 application  programming  interface  (API)  based  on  Generative  Pre-trained  Transformer  2 
 (GPT-2)  and  the  translation  is  powered  by  Google  Translate  API.  Only  English  input  is 
 accepted  to  force  thinking  in  the  L2  and  default  browser  grammar  and  spelling  checkers 
 are  not  blocked.  To  prevent  tool  abuse  and  possible  distraction  to  the  writing  process,  the 
 translation and next-word predictions are only displayed after a 2.5-second delay. 

 Experimental Design 

 The  researchers  utilized  a  counterbalanced  research  design  with  Japanese  EFL 
 participants  (n  =  90)  who  are  studying  English  at  private  language  schools.  The  potential 
 effects  on  student  writing  while  using  the  AI  KAKU  application  are  compared  to  a  control 
 condition  without  writing  assistance.  A  counterbalanced  design  minimizes  the 
 confounding  factors  arising  from  treatment  orders  and  allows  all  the  participants  in  the 
 study  the  opportunity  to  be  under  the  treatment  condition.  Similar  research  designs  have 
 been  employed  in  L2  research,  as  seen  in  Wang's  (2019)  study  of  vocabulary  recall 
 performance  by  Chinese  students  in  a  university  setting  or  Dizon  and  Gayed's  (2021) 
 study examining Japanese university students using Grammarly as a treatment tool. 

 The  participants  were  asked  to  self-report  their  Test  in  Practical  English  Proficiency 
 (EIKEN)  scores.  The  EIKEN  test  is  the  most  widely  used  English  testing  program  in 
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 Japan.  The  exam  has  a  range  of  seven  levels  from  Grade  5  to  Grade  1.  Grades  2  and  1 
 have  subgrades  (2.5  and  1.5).  Grade  1  is  the  highest-level  grade  in  the  exam,  being  the 
 equivalent  of  a  TOEFL  iBT  score  of  100/120  and  Common  European  Framework  of 
 Reference  for  Languages  (CEFR)  level  C1.  Given  that  our  participants  are  adult  learners 
 in  optional  professional  development  schools,  their  economic  conditions  and  adeptness 
 with  technology  may  not  be  as  varied  as  students  in  basic  education.  One  way  to  analyze 
 the  equity  of  educational  technology  is  to  compare  the  performance  of  low-performing 
 learners  with  that  of  high-performing  learners  (Doroudi  &  Brunskill,  2019).  For  this  study, 
 the  participants  were  grouped  into  HIGH  (EIKEN  1.5,  2)  MIDDLE  (EIKEN  2.5),  and  LOW 
 (EIKEN 3, 4). No participant reported EIKEN level 1 or 5. 

 After  finishing  the  writing  task,  the  participants  were  asked  to  complete  a  Likert  survey 
 that  was  displayed  to  the  user  in  both  English  and  Japanese.  Perceived  usefulness, 
 cognitive  load  measures,  and  the  number  of  times  word  suggestions  were  used  during 
 writing  were  some  of  the  data  points  obtained  through  the  survey  responses.  The 
 participants were randomly assigned to one of four groups as seen in Figure 2. 

 Figure 2.  Experiment design. T = Treatment, C = Control 

 Lexical Quality Measurements 

 As  for  the  writing  topics  the  participants  were  prompted  with,  four  were  chosen  from  a 
 publicly  available  database  of  the  Test  of  English  as  a  Foreign  Language  (TOEFL) 
 administered  by  Educational  Testing  Service  (ETS).  TOEFL  is  a  commonly  used  English 
 language  test  administered  to  foreign  students  wishing  to  enter  tertiary  education  in  the 
 United  States.  The  researchers  chose  the  Independent  Writing  Task  from  the  test  and  all 
 of  the  questions  chosen  asked  the  writer  their  opinion  on  commonly  discussed  social 
 topics.  By  choosing  a  standardized  test  source  for  our  writing  prompts,  the  researchers 
 could  avoid  weighted  difficulty  differences  between  writing  prompts.  In  other  words,  all 
 of  the  prompts  given  to  the  participants  have  been  validated  to  be  of  the  same  difficulty. 
 The  instructions  asked  participants  to  write  at  least  three  hundred  words  within  the 
 thirty-minute time limit they were given. 

 To  gain  objective  measurements  of  writing  quality,  the  researchers  used  machine 
 assessment  to  measure  three  factors.  Laufer  and  Nation's  (1995)  Lexical  Frequency 
 Profile  (LFP)  examines  the  word  frequencies  in  a  sample  text.  Less  frequent  words 
 identified  in  the  British  National  Corpus  (BNC)  or  the  Contemporary  American  English 
 Corpus  (COCA)  are  considered  to  be  more  “advanced”  than  high-frequency  words. 
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 Specifically,  the  LFP  measures  the  ratio  of  words  written  beyond  the  2000-word 
 frequency  level.  Lexical  Diversity  (LD)  is  another  commonly  used  measure  in  second 
 language  research.  LD  identifies  the  range  of  different  words  used  in  a  text.  Texts  with  a 
 lower  range  tend  to  use  the  same  words  repeatedly,  indicating  a  lack  of  lexical 
 development  and  sophistication.  LD  indices  are  suggestive  of  writing  quality,  vocabulary 
 knowledge,  and  speaker  competence  (McCarthy  &  Jarvis,  2010).  Finally,  tokens  are 
 calculated  to  measure  the  rate  of  production.  As  an  L2  writer  progresses  in  proficiency, 
 their  linguistic  retrieval  speed  improves  and  thus  their  ability  to  turn  ideas  into  written 
 text also improves (Palviainen et al., 2012). 

 Cognitive Load Measurements 

 Cognitive  load,  or  a  person’s  working  memory  capacity,  is  often  measured  in  educational 
 research  as  a  means  to  gain  insight  into  learning  efficiency  and  efficacy  (Clark  et  al., 
 2011).  This  capacity  is  commonly  measured  by  using  offline  measurements  (e.g.,  Likert 
 surveys),  dual-task  measurements  (e.g.,  concurrent  load  while  completing  a  task),  and 
 physiological  measurements  (e.g.,  heart  rate).  Furthermore,  cognitive  load  can  be 
 separated  into  three  sub-measurements:  intrinsic  load,  or  the  relative  difficulty  of  the 
 task  at  hand;  extraneous  load,  or  external  load  (e.g.,  noise  and  distractions)  that  is 
 caused  by  elements  outside  of  the  problem  space;  and  germane  load,  or  the  load 
 associated with the ability to bridge the problem space with existing knowledge. 

 This  study  employs  offline  measurements  based  on  widely  used  cognitive  load  rating 
 scales  used  in  educational  research.  The  Paas  survey  measures  overall  cognitive  load  via 
 a  nine-point  Likert  instrument  (Paas,  1992).  Responses  range  from  1  [very,  very  low 
 mental  effort]  to  9  [very,  very  high  mental  effort].  To  gain  further  insight  into  AI  KAKU’s 
 potential  influence  on  participants’  writing  proficiency,  the  intrinsic  load  was  also 
 measured  via  a  nine-point  Likert  instrument  (Ayres,  2006).  Considering  one  of  the 
 researchers’  goals  while  developing  AI  KAKU  was  to  reduce  the  problem  space  for  L2 
 writers,  measuring  intrinsic  load  gives  the  researchers  a  more  granular  look  into  the 
 ability of AI KAKU to address that cognitive burden. 

 Results and Discussion 

 Overall Effects 

 In  total,  360  responses  were  obtained  (180  under  each  writing  condition)  over  the  five 
 weeks  the  study  was  conducted.  After  filtering  for  complete  responses,  data  from  90 
 respondents  were  included  in  this  study.  Out  of  the  90  participants,  67  indicated  their 
 EIKEN  level,  data  from  these  participants  was  used  to  investigate  the  CALL  Matthew 
 effect.  Table  1  shows  the  breakdown  of  the  respondents  according  to  group  assignment, 
 gender, and reported EIKEN levels. 

 Table 1.  Demographics of participants 

 Variables  Levels  Values  Percentage 
 Group  A  26  28.88% 

 B  21  23.33% 
 C  20  22.22% 
 D  23  25.55% 

 Gender  Male  34  37.77% 
 Female  56  62.22% 

 EIKEN  1.5  2  2.99% 
 2  22  32.84% 
 2.5  29  43.28% 
 3  13  19.40% 
 4  1  1.49% 
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 Impact of Treatment 

 Lexical Measures 

 A  paired  t-test  was  used  to  examine  the  difference  between  the  control  and  treatment 
 writing  conditions.  As  seen  in  Table  2,  the  measures  LFP  and  LD  did  not  demonstrate 
 statistical  significance  while  the  measure  of  Tokens  is  significant  at  p  .004,  d  =  0.2  albeit 
 according to Cohen’s d measure, this is conventionally considered a “small” effect size. 

 To  gain  more  insight  into  the  significant  result  from  the  Tokens  measure,  a  scatterplot 
 was  plotted,  seen  in  Figure  3,  showing  the  improvement  participants  demonstrated  while 
 under  the  treatment  condition.  While  under  the  same  writing  constraints,  the  treatment 
 condition  allowed  participants  to  produce  longer  texts,  while  the  lexical  diversity  and 
 lexical sophistication measures of their writing were largely the same. 

 Table 2.  Lexical differences between writing conditions.  Mean and SD values are shown in () 

 Tokens  t  -test  LFP  t  -test  LD  t  -test 
 Control  156.7 (52.3)  t = -2.8, 

 df = 179, 
 p = .004 

 0.1 (0.04)  t = -0.19,  61.7 (18)  t = -0.37
 df = 180,
 p = .7 

 Treatment  167.8 (63.2)  0.1 (0.04)  df = 180, 
 p = .84 

 62.2 (18.1

 　　　 
 Figure 3.  Scatterplot of Token production under each  condition 

 Cognitive Load Measures 

 Since  this  study  takes  survey  questions  out  of  the  Paas  (1992)  and  Ayres  (2006) 
 inventory  to  measure  cognitive  and  intrinsic  cognitive  load,  the  researchers  needed  to 
 confirm  the  reliability  of  the  questions  used  in  this  study.  The  value  for  Cronbach  Alpha 
 for  the  survey  items  was  ,  which  can  be  interpreted  as  “acceptable”  according  to  α    =     0 .  57 
 Taber's  (2018)  meta-analysis  of  Alpha  reliability  measures.  Results  summarized  in  Table 
 3  show  that  while  the  difference  in  overall  participant  cognitive  load  did  not  show 
 statistical  significance,  the  intrinsic  load  was  lower  and  significant  at  p  .03,  d  =  0.13;  a 
 “small”  effect  size  (Plonsky  &  Oswald,  2014).  A  histogram  (see  Figure  4)  of  the  intrinsic 
 load  measure  indicates  that  when  participants  were  writing  under  the  treatment 
 condition, they experienced less perceived difficulty with the writing task at hand. 
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 Table 3.  Cognitive and intrinsic load differences.  Mean and SD values are shown in (). 

 Cognitive 
 load 

 t  -test  Intrinsic load  t  -test 

 Control  7.0 (1.4)  t = 0.7, df = 179,
 p = .4 

 6.3 (1.39)  t = -1.87, df = 179, 
 p = .03  Treatment  6.9 (1.3)  6.1 (1.48) 

 Note: higher values indicate more load. 

 Figure 4.  Impact of control and treatment on intrinsic  load 

 Two  significant  outcomes  from  the  experiment  show  us  that  participants  were  able  to 
 produce  more  tokens  and  felt  the  inherent  difficulty  of  the  writing  task  was  less  while 
 they  were  using  the  writing  assistant  (AI  KAKU).  These  results  allow  the  researchers  to 
 approach  the  second  research  question  regarding  evidence  of  the  Matthew  effect  and 
 how the writing assistant impacted participants at different skill levels. 

 CALL Matthew Effect 

 As  mentioned  earlier,  participants  were  grouped  into  HIGH,  MIDDLE,  and  LOW  clusters  (n 
 =  67)  based  on  their  reported  EIKEN  levels.  To  investigate  any  evidence  of  the  CALL 
 Matthew  effect  between  them,  their  writing  performance  and  cognitive  load  measures 
 were  examined  first  across  all  the  EIKEN  levels  and  then  across  the  three  levels 
 prescribed  by  the  researchers.  The  box  plots  in  Figure  5  show  the  distributions  of 
 cognitive  load,  intrinsic  load,  lexical  frequency,  lexical  variation,  and  tokens  for  each  of 
 the  assigned  EIKEN  clusters.  The  boxplot  whiskers  extend  up  to  ,  where  1 .  5 *  𝐼𝑄𝑅     /     𝑠𝑞𝑟𝑡 ( 𝑛 )
 IQR  is  the  interquartile  range  (the  difference  between  the  values  at  the  first  quartile  and 
 third  quartile)  and  n  is  the  data  count.  This  convention  was  posited  to  represent  data 
 with  a  95%  confidence  interval  when  comparing  medians  for  most  cases  (McGill  et  al., 
 1978). Data beyond the whiskers are taken to be the outliers. 
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 Figure 5.  Performance per cluster 

 The  figure  shows  cognitive  load  decreasing  similarly  across  all  three  groups;  intrinsic 
 load,  however,  appears  to  decrease  more  for  the  HIGH  and  MIDDLE  clusters,  with  the 
 LOW  cluster  experiencing  a  similar  load  in  both  control  and  treatment  conditions.  Lexical 
 frequency  and  lexical  variation,  interestingly,  appear  to  be  negatively  influenced  by  the 
 treatment  condition.  While  the  paired  t  -test  showed  no  significance  (see  Table  2) 
 between  control  and  treatment  conditions  (EIKEN  levels  are  disregarded  here),  the 
 researchers  feel  the  results  from  both  lexical  frequency  and  density  warrant  further 
 investigation.  It  is  possible  the  AI  KAKU  writing  assistant  is  introducing  additional  noise 
 to  higher-level  participants  and  somehow  hindering  or  not  positively  influencing  their 
 writing  performance.  Alternatively,  other  forms  of  intervention  may  be  considered  to  not 
 just improve perceived load but also to affect writing performance more positively. 

 The  researchers  decided  to  split  the  clusters  based  on  internal  discussion  and  the 
 descriptors  of  HIGH,  MIDDLE  and  LOW  have  some  flexibility  in  their  definitions  (i.e., 
 EIKEN  level  2.5  can  arguably  be  considered  a  "high"  level  depending  on  what  is  being 
 compared).  To  remove  researcher  bias  in  the  analysis,  a  more  detailed  breakdown  of 
 performance  per  level  without  clustering  can  be  seen  in  Figure  6.  When  broken  out  of 
 the  prescribed  clusters,  the  data  suggests  higher-level  participants  are  benefitting  more 
 from  the  AI  assistant  (AI  KAKU)  than  lower-lower  participants,  suggesting  evidence  of 
 the  Matthew  effect.  The  lexical  frequency  and  diversity  for  the  highest  level  (EIKEN  1.5) 
 participants clearly show improvement that is not evident at the lower levels. 
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 Figure 6.  Performance across all EIKEN levels 

 Conclusion and Future Work 

 The  data  gathered  shows  evidence  that  AI  KAKU  had  some  positive  impact  on  the  L2 
 writers  who  participated  in  this  study.  The  participants  produced  more  words  and 
 perceived  less  mental  difficulty  when  answering  the  writing  prompt  with  AI  KAKU  versus 
 without  it.  While  lexical  diversity  (LD)  and  lexical  sophistication  (LFP)  did  not  show  any 
 improvement,  the  researchers  believe  longer  exposure  and  training  with  the  treatment 
 tool  would  allow  the  participants  to  become  more  accustomed  to  the  word  suggestions 
 and  reverse  translation  provided  by  AI  KAKU.  Regardless,  the  results  from  this  study  are 
 promising and further research into AI KAKU is warranted. 

 Regarding  the  second  research  question  of  evidence  of  the  Matthew  effect  and  how  new 
 technology  such  as  AI  KAKU  impacts  users  of  different  skill  levels,  the  researchers  could 
 see  some  effects  regarding  the  cognitive  load,  lexical  frequency,  and  lexical  density. 
 Lower-level  users'  intrinsic  cognitive  load  remained  high  despite  the  assistance  AI  KAKU 
 gave  them  during  the  writing  process.  On  the  other  hand,  higher-level  users  demonstrate 
 reduced  load  and  improved  writing  performance  while  under  the  treatment  condition. 
 Evidence  of  the  CALL  Matthew  effect  in  the  data  supports  the  argument  that  higher-level 
 users  are  benefitting  more  from  the  introduced  technology  than  lower-level  users.  It  is  to 
 be  noted,  however,  that  the  distribution  of  EIKEN  levels  was  heavily  skewed  to  the 
 middle/high  levels  of  2.5  and  2  and  only  3%  of  the  participants  reported  an  EIKEN  level 
 of  1.5.  Further  investigation  with  a  greater  number  of  participants  at  each  EIKEN  level  is 
 needed to investigate if the effects found in this study can be replicated. 

 AI  KAKU  was  developed  to  reduce  the  cognitive  load  during  the  writing  process  for  EFL 
 users.  By  reducing  the  problem  space  and  guiding  them  to  think  directly  in  the  L2  as 
 opposed  to  translating  their  thoughts  composed  in  their  L1,  learners  can  hopefully  use 
 their  cognitive  resources  on  higher-level  writing  aspects  such  as  organization  and 
 revision.  An  unwanted  effect  of  introducing  technology  in  the  learning  process,  such  as  in 
 the  case  of  AI  KAKU  use  in  English  writing,  is  the  widening  educational  achievement  gap 
 or  Matthew  effect.  The  researchers  recommend  instructional  designers,  CALL  developers, 
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 and  in-service  educators  be  more  aware  of  this  potentially  negative  effect  of  CALL  and 
 develop strategies to mitigate the phenomenon. 

 Further  research  is  needed  into  these  mitigating  strategies  to  reduce  the  confounding 
 factor  of  the  CALL  Matthew  effect.  The  results  from  this  study  are  in  contrast  to  a  similar 
 study  by  (Chon  et  al.,  2021)  that  used  machine  translation  (Google  Translate)  as  a 
 mediating  agent.  The  researchers  in  that  study  found  machine  translation  assisted  the 
 lower-level  participants  at  a  greater  rate,  bringing  their  performance  closer  to  the 
 higher-level  participants.  Chon  et  al's  (2021)  study  does  not  address  the  Matthew  effect 
 and  did  not  use  an  explicit  mitigating  strategy  to  reduce  its  effects.  A  pertinent  question 
 is then what are the factors that may exacerbate the Matthew effect among participants. 

 In  addition,  further  investigation  into  AI  KAKU’s  impact  on  the  writing  process  with  a 
 wider  range  of  writing  quality  dimensions,  including  human  assessment  of  participant 
 writing  is  warranted.  To  the  same  extent  that  computer-assisted  spelling  and 
 grammar-check  have  permeated  writing  in  the  modern  age,  AI-based  digital  agents  will 
 presumably  be  as  commonplace  as  those  older  forms  of  digital  assistance.  Aspects  of 
 their potential should be studied further to ensure equitable access and benefit. 
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