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ABSTRACT

Japanese language learning has long been constrained by acquisition difficulties arising from
linguistic distance and by the limited availability of authentic opportunities for conversational
interaction. Although mobile learning technologies offer considerable potential to alleviate
these constraints, existing tools remain largely focused on vocabulary acquisition and gram-
mar practice, while the dynamic progression of learner—artificial intelligence conversational
interaction has received insufficient attention. In this study, a mobile Japanese conversational
interaction system powered by a large language model was developed and integrated with
automatic speech recognition and speech synthesis interfaces. Multi-topic conversational
environments were constructed for learners at different proficiency levels. A four-week
experiment involving 76 learners of Japanese was conducted, and interaction logs, Japanese-
Language Proficiency Test-aligned mock assessments, and expert ratings were collected to
characterize trajectories of conversation deepening and examine their associations with
language learning outcomes. Pseudotime trajectory inference based on a minimum spanning
tree demonstrated high internal consistency and external validity, and the composite con-
versation-depth score accounted for 43.8% of the variance in learner performance. Within
individual conversational sessions, conversation depth increased significantly as the number
of interactions turns increased. Intermediate learners exhibited greater mean pseudotime
progression, more branch points, and faster rates of conversation deepening than beginner
learners. These findings demonstrate that temporal modeling of interaction trajectories can
be used to represent conversation deepening in generative artificial intelligence—supported
mobile Japanese language learning as a quantifiable dynamic process. This approach pro-
vides a quantitative basis for investigating mobile conversation-based learning mechanisms
and informing the design of adaptive conversational interactions.
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A Generative Artificial Intelligence-Based Mechanism for Mobile Conversational Interaction in Japanese Language Learning

1  INTRODUCTION

The rapid development of generative artificial intelligence is fundamentally
reshaping the modes of interaction available for mobile-assisted language learn-
ing [1]. Large language models, exemplified by the GPT series, have enabled mobile
learners to engage in open-ended, natural, and real-time target-language conversa-
tion with artificial intelligence agents through their advanced capabilities in con-
versation generation and contextual understanding [2]. In parallel, the widespread
adoption of mobile-assisted language learning has extended language learning
beyond conventional classroom settings into fragmented learning opportunities
embedded in everyday life [3], thereby allowing conversational practice to be under-
taken anytime and anywhere with reduced anxiety and increased frequency [4].
The convergence of these technological advances and increasingly flexible learning
contexts has facilitated the emergence of numerous generative artificial intelligence-
supported mobile language learning applications, through which interaction data of
unprecedented scale and ecological validity have become available for research on
second language acquisition [5].

However, a substantial gap has emerged between the rapid evolution of tech-
nological tools and the explanatory capacity of existing theoretical frameworks.
Three major limitations can be identified in the current literature. First, research
has been dominated by outcome-oriented evaluation, whereas process-oriented
analysis has remained comparatively underdeveloped [6]. Pre- and post-test
designs have been widely used to examine the effects of generative artificial intel-
ligence-based conversation systems on language learning outcomes [7], while
questionnaire-based approaches have been employed to assess changes in learn-
ers’ technology acceptance and self-efficacy [8]. Although such studies have estab-
lished whether measurable learning effects occur, the dynamic processes through
which these effects emerge have remained insufficiently understood. Fine-grained
analyses of interaction logs have recently begun to receive attention [9]; however,
most have remained limited to static content coding or frequency-based analyses,
with little temporal modeling of the dynamic evolution of conversational interac-
tion [10]. Second, the temporal and contextual characteristics of mobile interac-
tion have not been adequately incorporated into existing analytical approaches.
Mobile-assisted language learning is distinguished from desktop-based learning by
fragmented learning contexts, intermittent interaction, and heterogeneous usage
settings [11]. Conversational interaction on mobile devices inherently exhibits a
temporal structure [12]: intervals occur between individual conversations, interac-
tion turns unfold sequentially within each conversation, and longer-term develop-
mental trajectories may emerge across conversations [13]. Nevertheless, individual
conversation turns have generally been treated as independent observations,
thereby overlooking temporal dependencies and developmental relationships
across successive turns. Third, a computational framework for quantifying conver-
sation deepening remains lacking. Although deep interaction has been extensively
discussed within the field of second language acquisition, a system of quantitative
indicators that can be computed in real time within mobile learning environments
has yet to be established. Consequently, the current stage of conversation deep-
ening cannot be dynamically identified by the system, and artificial intelligence
response strategies cannot be readily adapted on this basis to facilitate deeper
negotiation of meaning.
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To address these limitations, an analytical framework based on temporal
modeling of interaction trajectories is proposed and empirically validated for inves-
tigating the dynamics of mobile conversation learning. Specifically, the pseudotime
trajectory inference paradigm originally developed in single-cell transcriptomics is
adapted to the analysis of mobile human-artificial intelligence interaction. Multi-
turn conversations between learners and artificial intelligence agents at different
time points are represented as observations distributed along a latent conversation-
deepening continuum, and trajectory inference is used to reconstruct the progres-
sion from shallow social exchanges to deeper negotiation of meaning. On this basis,
a full-trajectory data acquisition and feature engineering framework for mobile
conversational interaction is developed, incorporating more than 20 features across
three dimensions: linguistic, interactional, and contextual. A multidimensional
framework for quantifying conversation depth is further established, providing
mobile conversational systems with a depth-awareness signal that can be computed
in real time.

2  MOBILE CONVERSATIONAL INTERACTION SYSTEM DESIGN

A generative artificial intelligence-supported mobile application for Japanese
conversation learning was developed using a three-tier architecture comprising a
client, a server, and an artificial intelligence engine. The three components were
decoupled to enable high-density interaction data to be collected for subsequent
temporal modeling of interaction trajectories. The client was developed using the
Flutter framework and was deployed on both iOS and Android platforms, with
text- and speech-based input supported. Automatic speech recognition was per-
formed locally on the mobile device using Faster-Whisper to reduce transmission
latency and minimize privacy risks. Speech output was generated using Microsoft
Edge text-to-speech with the Japanese ja-JP-Nanami voice. An asynchronous back-
end was implemented using FastAPI and was responsible for maintaining con-
versation states, orchestrating large language model requests, and persistently
storing interaction logs. The artificial intelligence engine dynamically controlled
the lexical difficulty and grammatical complexity of model-generated responses
according to each learner’s Japanese-Language Proficiency Test level. Five profi-
ciency levels were accommodated through prompt templates combining few-shot
exemplars with explicit constraint-based instructions. For each conversational
interaction, a comprehensive set of metadata was automatically recorded, includ-
ing timestamps and turn numbers, speaker identifiers, original and de-identified
message text, input modality and speech duration, artificial intelligence response
latency, device screen state and foreground/background transition indicators,
network connection type, and conversation identifiers. These fields were specif-
ically defined to support the linguistic, interactional, and contextual dimensions
required for subsequent feature engineering, thereby preserving the information
required to transform raw interaction logs into structured feature vectors. The
overall framework for temporal modeling and depth-aware analysis of genera-
tive artificial intelligence-supported mobile Japanese conversational interaction is
illustrated in Figure 1.

International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 20 No. 20 (2026)


https://online-journals.org/index.php/i-jim

1IM [ Vol. 20 No. 20 (2026)

A Generative Artificial Intelligence-Based Mechanism for Mobile Conversational Interaction in Japanese Language Learning

Module 1 L Mo dele I ‘) Unu.;mmunla A‘moﬂm.mn and Projection Ll LI
. P ension etion an
Mobile interaction system and temporal data acquisition Cottition ) e BN e uction e depth and adaption
Dual-channel mobile interaction interface H Thrse-dimensional feature exteaction * [ UMAP-based manifold dimensionality reduction i e b
- ; framervork (23-dimensional feature veetor) High-dimensiona festure . cm,me lnyer. Toteracionallayes Affosivelayer
'S ) i ace — onal = | 1
JﬂPav&: T i { Language production layer e "m’“““"‘ § b 7 b= o ’c.;)ox?r u;?;'c'?:'[;
| Learning 4pp | ( Tokenizer P Lexical diversif Fuzzy simplicial set 018 ([l ot
— aur } P( ] consiicton andcrors- [ wmf" !g;«,il,; 015 015
Syntactic parsi } i P SHzopy ez tent dirichlet | [Cross-c
X | o yutctic parsiog__Po{ andSynshs somplesty ) 06 | Jtentdirhic bm,fr"?‘m: |
phical — h s bedd Cosine-similarity-bas < g :,g'“ vde T conditional entrop  coupling
. user ( Spesch input | entence embedding »{ coherencé MST-based skeleton topology reconstruction mng{;‘,o“ ot}
oS Minimum spanning tree | 1, 0.14 0.12
e Ji i ~ constmetion o é?.g [
~ ~ Interaction behavior layer L 4
(" Server and generative artifiial ntelligeace (AD) cugine. ) = Tty S “""a jngoche 4.4 +
S PP backec g [ nteruminterval 1 iiching indicétor r Lyl Composite depih score output
N eotPlbackend (G e - [ epainreforulstion b Trajectory dynamics annotation ( Canmtposite conversation.
[— prompt engine M—’[_’“l—] Comeration starting pint e )
- .. determined based on shallow S
fOlpt cagine Al response latency ? i Tinguistic feature scores. :
Dynamic loading of few-shot exemplars and d ¢ m
L grammatical/lexical constraint templates J (" Contextuallayer D ) B \\ \/ Preudotime progression
Continuous log srcam and & [ g o convers R, adapive
y i r = 3 structure| Nodes with degree > 2 indicate intervention loop
i e | [ Sercenonstate  }»{  Sereen-onstate —Gilergence ,mffmm learning
;z;’ Original/de-identified t ( i O
s )| , ints 1 ites l s i
(8 [ Loputmocelly ) e VWG LD When somersation despeting i dtested
5 [ Responselatency || || remains in the h,ckg,\,md i unpnﬁf"m o _, Bt A qlomve plateaued or fhe convenation
: / $ below a predefin
& ey FoTcBround’ || SRS el SR s Standardized J o’ © Continnial .;i:epmu-g A0 azp:':‘w prompt vg]puallmcnll!xs trggered,
und transit ( 'k i ateau Ar=0 rompting the artificial ence agent
" indicator Sequentially link it Ee’;@g? ﬂ’ ﬂgﬁ?x‘}gﬁf [ et e Branching Regression Ar<0 B Eemcriie scatibliled questice ox mgmc
| temporal ajetorics ! structure sogaitivelydlengng follow-u
X

Fig. 1. Overall framework for temporal modeling and depth-aware analysis of generative artificial
intelligence-supported mobile Japanese conversational interaction

3  INTERACTION-TRAJECTORY FEATURE ENGINEERING

The raw interaction logs were chronologically indexed by timestamp, with each
individual message treated as the basic unit of observation. Before feature extraction,
the continuous temporal logs were reorganized into semantically bounded conver-
sation units through conversation segmentation. A conversation was considered to
begin when the first message was sent by a learner or when the interval between
the current and preceding messages exceeded 10 minutes. A conversation was con-
sidered to end when the learner explicitly exited the conversation, when no inter-
action occurred for more than 10 minutes, or when the application remained in the
background for more than 5 minutes. These thresholds were selected with reference
to established practices for distinguishing within-conversation continuity from sep-
arate conversations in fragmented mobile interaction contexts. Following segmen-
tation, each conversation was represented as an ordered sequence of interaction
turns. All conversations associated with each learner were then concatenated in
chronological order to construct a complete interaction trajectory, thereby providing
the data foundation for subsequent cross-conversation temporal analysis.

To transform the raw conversation text and interaction logs into numerical
representations suitable for trajectory inference, a feature extraction framework
was constructed across three dimensions: linguistic, interactional, and contextual.
A 24-dimensional feature vector was ultimately generated for each observation.
Linguistic features were extracted separately from the learner message and artificial
intelligence response within each interaction turn and comprised four categories:
lexical diversity, mean sentence length, syntactic complexity, and topic coherence.
Lexical diversity was quantified using the type-token ratio, defined as the number
of unique word types divided by the total number of word tokens. Japanese tokeni-
zation was performed using the Sudachi tokenizer. Mean sentence length was cal-
culated directly as the number of characters per sentence. Syntactic complexity was
quantified through dependency parsing and was calculated as follows:

1 M, +M,
Dir= —— depth. 1
! M +M, ; P =

where, M, and M, denote the numbers of bunsetsu units in the learner mes-
sage and artificial intelligence response, respectively, and depth, denotes the depth of
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the i-th bunsetsu unit in the dependency tree. Dependency parsing was performed
using SuPar-UniDic, a Bidirectional Encoder Representations from Transformers
(BERT)-based Japanese dependency parser. Topic coherence was quantified using
the cosine similarity between the BERT-based sentence embeddings of the conver-
sational content in adjacent turns:

. € €
coS _szm(e[,e[_i) =L 2)

e .-

Sentence representations were extracted using the pretrained Japanese BERT
model tohoku-nlp/bert-base-japanese, with the final-layer hidden state corre-
sponding to the [CLS] token used as the representation of the entire input sequence.
This metric was used to characterize the temporal continuity of semantic content
across successive conversation turns. Features within the interactional dimension
were extracted to characterize learner engagement strategies and interaction-
related behaviors, including the inter-turn interval, input-modality switching
indicator, artificial intelligence response latency, and repair-request indica-
tor. The inter-turn interval was calculated in seconds as Az, = 7, — 7,_,, Where 7,
denotes the timestamp of the ¢-th interaction turn. The input-modality switching
indicator [**"" was assigned a value of 1 when the input modality m, of the cur-
rent turn differed from that of the preceding turn m,_,, and 0 otherwise, where
m, e {text, voice}. The repair-request indicator, r, € {0, 1}, was determined through
rule-based pattern matching and was assigned according to whether the learner
message contained Japanese expressions requesting that the artificial intelligence
agent rephrase, simplify, or clarify its preceding response. Features within the con-
textual dimension were extracted from the mobile usage context and included nor-
malized within-conversation position, inter-conversation interval, and device-use
state. These features were used to characterize temporal and contextual patterns
of learner interaction across fragmented mobile learning contexts. The normalized
within-conversation position was calculated as p, = t/N, where t denotes the ordinal
position of the current turn within a conversation and N denotes the total number
of turns in that conversation. The inter-conversation interval was defined as the
elapsed time AT, between the start of the current conversation and the end of the
preceding conversation; for the first conversation associated with each learner,
this value was set to 0.

After all extracted features were concatenated, each interaction turn was repre-
sented by a complete feature vector, x, = [TTR, L, D*, cos_sim(e, e,_), Az, I, 3,1,
D, AT, screen_state, bg_switch,, ...]" € R*, where &, denotes the artificial intelligence
response latency, screen_state, € {0, 1} is the screen state, and bg_switch, is the num-
ber of foreground/background transitions within the conversation. Accordingly,
the complete interaction trajectory of each learner was represented as an ordered
sequence of feature vectors, {x,, x,, ..., X,,}, where M denotes the total number of
interaction turns recorded for that learner during the study period. Because sub-
stantial differences in scale were present across the extracted features, Z-score
standardization was applied before trajectory inference:

xganem = (x4 — )/ o, (3)
where, u, and o, denote, respectively, the mean and standard deviation of the

k-th feature across all observations. Missing values, which accounted for less than
0.5% of the feature-level observations, were imputed using the median of the
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corresponding feature. Standardization was subsequently performed to place all
features on a comparable scale before trajectory inference. Through this feature-
engineering framework, unstructured conversational interactions were transformed
into structured temporal representations, thereby providing a computational basis
for reconstructing trajectories of conversation deepening.

4  PSEUDOTIME INFERENCE MODEL FOR CONVERSATION-DEEPENING
TRAJECTORIES

To characterize how Japanese conversational interaction between learners and
generative artificial intelligence progresses from shallow social exchanges toward
deeper negotiation of meaning in mobile learning environments, the pseudotime
trajectory inference paradigm originally developed to reconstruct cellular differ-
entiation trajectories in single-cell transcriptomics was adapted to mobile human—
artificial intelligence interaction analysis. Under this framework, each interaction
turn was represented as an observation in a high-dimensional feature space. The
complete set of observations was defined as X = {x, x,, ..., x,} € RV, where N denotes
the total number of interaction urn across all learners and d = 24 denotes the dimen-
sionality of the feature space. Although individual interaction turns occurred at dif-
ferent chronological times, each observation was assumed to occupy a particular
position within a latent interaction-state space characterized by linguistic complex-
ity and degree of interactional engagement. By ordering these observations along
an inferred trajectory, a continuous representation of conversation deepening was
reconstructed. Because distance-based relationships can become less discrimina-
tive in high-dimensional spaces, dimensionality reduction was performed before
trajectory reconstruction.

The uniform manifold approximation and projection method was used to map
the standardized high-dimensional feature vectors into a two-dimensional manifold
representation, Y e RV, Unlike principal component analysis and ¢-distributed sto-
chastic neighbor embedding, the uniform manifold approximation and projection
method can preserve both the local neighborhood structure and the global topo-
logical relationships of the data, making it well suited to conversational data char-
acterized by both local temporal similarities and global evolutionary trends. The
theoretical foundation of the method is based on the topological representation of
fuzzy simplicial sets, with the core assumption that high-dimensional data are dis-
tributed approximately uniformly in the vicinity of an underlying low-dimensional
manifold. Dimensionality reduction was performed in two principal stages. First, a
fuzzy topological representation was constructed in the high-dimensional feature
space. For each observation x, the directed fuzzy membership strength between Xx,
and a neighboring observation X, was defined as:

v, = exp(d(x, x) - p)/o) 4

where, d(x, x].) denotes the Euclidean distance, p, is a local connectivity parame-
ter determined by the distance from x, to its nearest neighbor, and ¢, is an adaptive
local scaling parameter determined through Zj_l v,=log,(l), with k =15 as the

predefined number of nearest neighbors. After being subsequently symmetrized,
V=V, +V,;— Vv, were obtained.
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In the low-dimensional embedding space, the fuzzy membership strength
between y, and y, was defined as:
2p\ 7!
] (5)
2

where, a~1.93 and b = 0.79 are approximation parameters. The low-dimensional
embedding was then obtained by minimizing the cross-entropy loss:

%:(1+a'“yi‘y;

Ly = | vy 108, o) + A=y log((-v,) (1 -a))) | (6)

i#]

Optimization was performed using stochastic gradient descent for 500 epochs.

Following dimensionality reduction, a minimum spanning tree was constructed
in the two-dimensional manifold space to approximate the backbone of the con-
versation-deepening trajectory. The minimum spanning tree was defined as an
acyclic connected subgraph spanning all observations while minimizing the total
edge weight. Because no explicit parametric form of the trajectory was imposed,
the resulting structure was determined entirely by the intrinsic organization of
the data. Edge weights were defined using the Euclidean distance w(i, j) = ”yi - y}.”z,
and Prim’s algorithm was used. The starting point of the trajectory was identi-
fied as the observation with the lowest linguistic feature score across all conver-
sational turns, representing the initial state of conversation deepening. Lexical
diversity, mean sentence length, and syntactic complexity were first normalized
to the interval [0,1], and a shallow-interaction score was calculated for each
interaction turn:

Stshallow — _(TTRtnorm + L?orm + D[dep,norm )/3 (7)

The lowest 5% of observations were selected to form the candidate starting-point
set S, and the mean of their coordinates in the reduced-dimensional space was cal-
culated as the reference center y_ = |S|71 ZES V.- The actual observed node closest
to this reference center was then identified as y_,, . from which traversal along the
minimum spanning tree was initiated. The shortest-path distance was defined as the
pseudotime value of the corresponding conversational turn:

v, = minpep(m[’y[) (Z Hyi -, ”2 8)

i,j)eP

where, P(start, y,) denotes the set of all paths from the starting point to y,. The
tree structure guarantees the uniqueness of the path between any two nodes, allow-
ing the path distances to be computed in linear time using depth-first search. The
resulting pseudotime values were bounded by [0, ¥, ], where ¥, = max, y, After
normalization, y™ =y, /¥  €[0,1], with y"™ =0 corresponding to the trajectory
starting point and y;"™ =1 corresponding to the trajectory endpoint.

The inferred conversation-deepening trajectory was not assumed to follow a sin-
gle linear pathway, as interaction patterns may diverge after comparable levels of
progression have been reached. To identify potential branching structures, nodes
with degree greater than 2 in the minimum spanning tree were designated as
branch points, and the subtrees extending from these nodes were treated as candi-
date divergent trajectories. Branch specificity was quantified using the Mahalanobis
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distance between the mean feature vector of observations within a given branch
and that of observations occupying the corresponding region of the principal
trajectory. A higher score indicates that the branch exhibits more distinctive linguis-
tic characteristics. In addition to static trajectory positioning, the rate of conversation
deepening was characterized from a dynamic perspective. The first-order difference
in pseudotime, Ay, = v, ,, represents the increment in conversation depth at each
turn and was set to zero for the first turn of each conversation. Ay, > 0 indicates
continued deepening, Ay, = 0 indicates a plateau, and Ay, < 0 indicates regression in

. . . 1 M
conversation depth. The cumulative deepening rate, mezﬁ ZMAW[, represents

the average pseudotime increment per conversational turn, thereby integrating
the extent and efficiency of conversation deepening within a unified framework
and providing a quantitative basis for comparing differences in the efficiency of
deepening trajectories across learners.

5  MULTIDIMENSIONAL FRAMEWORK FOR QUANTIFYING
CONVERSATION DEPTH

Pseudotime trajectory inference characterizes the relative position and progres-
sion of conversation along an inferred conversation-deepening continuum but does
not, by itself, establish the extent to which a given interaction constitutes substan-
tively deep conversation with potential relevance to language learning. To address
this limitation, a set of real-time computable indicators was developed to quantify
conversation depth across three dimensions: cognitive, interactional, and affective.
The cognitive dimension comprised three indicators: conceptual density, logical con-
nectivity, and semantic transition magnitude. Conceptual density was used to quan-
tify the amount of distinct conceptual information expressed per unit of conversation
length and was defined as =v _JN, _, whereV denotes the number of

cog unique'~ " total’ unique

unique concepts identified from noun and verb phrases extracted through Japanese
dependency parsing, and N

total

denotes the total number of word tokens. Logical
. M . . .
connectivity, A =(M -D? ZI_ZCOS_Slm(e[,eH), was quantified as the mean cosine

similarity between the BERT-based sentence embeddings of adjacent conversational
turns, with 4 e [-1, 1], thereby capturing the temporal continuity of conversational
semantics. Higher values indicate stronger logical coherence, making this metric
particularly useful for distinguishing meaningful, in-depth conversations from shal-
low conversations characterized by abrupt or random topic shifts. The magnitude of
cognitive transition, K, = ||et -e. ||2/ max, ||et -e,, ||2 was used to capture moments of
conceptual breakthrough, with the denominator representing the maximum seman-
tic transition magnitude across all samples. The resulting x, was normalized to the
range [0, 1], with values approaching 1 indicating a pronounced qualitative shift in
cognition.

The interactional dimension comprised two indicators reflecting learner-initiated
engagement and topic-management behavior: repair engagement and topic per-

. . T .
sistence. Repair engagement, p, =T ZH r, was defined as the frequency with

1

which a learner actively requested the artificial intelligence agent to revise or refine
its responses within the current conversation, where T denotes the total number
of conversational turns and r, € {0, 1} denotes the repair-request indicator. This
metric reflects the learner’s level of metacognitive monitoring. Topic persistence,
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o, =1 - H(topic,| topic, ,)/H, ., quantifies the extent to which a topic is consistently
maintained across consecutive conversational turns rather than being subject to fre-
quent shifts. The conditional entropy H(topic, | topic, ,) was estimated using a latent
Dirichlet allocation model with K = 20 topics, as follows:

H(topic, | topic, )= —ZP(topic[: i,topic, , = j)log P(topic =i|topic, ,=J) 9)

Lj

Highervaluesof H =log,(K), o, [0, 1] indicated greater topic persistence across
successive interaction turns. The affective dimension was characterized in terms of
affective dynamics and the coupling between the learner and the artificial intelligence
agent. The affective-valence slope was used to quantify the direction and magnitude

of change in affective valence over the course of a conversation and was estimated
as B, :Zil(t—f)(s[—E) /ZL(I—?)Z, where s, € [-1, 1] denotes the affective-
valence score generated by a Japanese-language sentiment classification model,
t=(N+1)/2 denotes the mean turn index, and §=N*12N1 S, denotes the mean

affective-valence score within the conversation. 3, > 0 indicates an increasingly
positive affective trajectory over successive interaction turns. Affective coupling
lag was used to characterize the temporal association between changes in learner
and artificial intelligence affective expressions. The cross-correlation function was
calculated as follows:

R (D)=[T,[ 377 (10)

t+L
tel;

where, s[T and s[A denote the affective-valence sequences derived from learner
messages and artificial intelligence responses, respectively; T, = {t|1 <t + L < N}
denotes the set of valid overlapping indices; and L € [-3, 3] denotes the lag measured
in interaction turns. The sign of affective coupling lag, L*= argmaXL€[73’3]|RTs(L)|,
indicates whether the learner or the artificial intelligence agent leads the
affective dynamics, whereas its absolute magnitude reflects the strength
of affective coupling.

The seven component indicators were integrated into a composite conversation
depth score, D, =W p,, .+ WA+ W, K +Wp, , + W0, + W+ w,|L*|, using a weighted
summation. Indicator weights were determined using the analytic hierarchy pro-
cess based on judgments provided by three experts in Japanese language education
and two researchers specializing in human-computer interaction. The relative
importance of the seven indicators was evaluated through pairwise comparisons
using a 1-9 rating scale. The consistency ratio of the resulting judgment matrix was
below 0.10, indicating an acceptable level of consistency in the expert judgments.
The final weights assigned to conceptual density, logical connectivity, semantic
transition magnitude, repair engagement, topic persistence, affective-valence slope,
and affective coupling were 0.18, 0.16, 0.12, 0.15, 0.14, 0.13, and 0.12, respectively.
The resulting composite conversation depth score, D, was designed to provide a
computational signal that could support real-time depth-aware adaptation in the
mobile conversation system. When the score for a given conversational turn fell
below a predefined threshold, the system could prompt the learner to engage in
more in-depth expression or pose more cognitively challenging questions, thereby
translating the theoretical framework into an active intervention mechanism within
the system.
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6  EXPERIMENTAL DESIGN AND RESULTS
6.1 Internal validation of trajectory inference

The reliability of the minimum spanning tree-based pseudotime trajectory
inference procedure for reconstructing conversation-deepening trajectories was
evaluated using repeated random holdout validation. In each iteration, 20% of the
interaction turns were randomly excluded from trajectory inference, and the mini-
mum spanning tree-based trajectory was reconstructed using the remaining 80% of
the observations. The excluded observations were subsequently projected onto the
reconstructed trajectory to obtain predicted pseudotime values, y. Spearman’s rank
correlation coefficient was then calculated between the predicted pseudotime val-
ues and the corresponding actual pseudotime values, y,. To reduce dependence on a
particular random partition, the holdout procedure was repeated 10 times.

The results of the 10 repeated random holdout validations are presented in
Table 1. Spearman’s rank correlation coefficient p, averaged 0.880 (standard devia-
tion =0.007) and ranged from 0.868 to 0.891 across the 10 repetitions, with p < 0.001
in every iteration. These results demonstrate a strong positive correlation between
the predicted pseudotime and the ground-truth pseudotime for the held-out rounds,
indicating that the minimum spanning tree-based pseudotime trajectory inference
exhibits high internal consistency and can robustly reconstruct the trajectory of dia-
logue progression. To further assess external validity, three Japanese language edu-
cation experts, each with more than five years of teaching experience, were invited
to independently rate the depth of 100 randomly selected dialogue segments using
a five-point scale. The mean expert ratings were strongly correlated with the corre-
sponding pseudotime values, y"™, with a Pearson correlation coefficient of 0.782
(p < 0.001). This finding indicates a high degree of agreement between the pseudo-
time ordering inferred from the trajectory analysis and the depth assessments
provided by human experts.

Table 1. Results of repeated random holdout validation across 10 repetitions

Measure 1 2 3 4 5 6 7 8 9 10 Mean Standard Deviation
Held-out interaction | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 | 7968 -
turns
Retained interaction | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 | 31874 -
turns
P, 0.872 | 0.884 | 0.879 | 0.891 | 0.868 | 0.885 | 0.877 | 0.890 | 0.882 | 0.876 | 0.880 0.007
p-value <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 | <0.001 -
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6.2 Predictive validity of the conversation depth score

The predictive validity of the composite conversation depth score, D, was eval-
uated by examining its association with language learning outcomes. Before and
after the intervention, learners completed Japanese-Language Proficiency Test-
based mock assessments corresponding to their proficiency levels, ranging from
N5 to N2. Learning gain was defined as the change in assessment score from pretest
to posttest, AScore = Post — Pre, with each assessment scored on a 100-point scale.
For each learner, interaction turns were aggregated by conversation, and the mean
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composite conversation depth score was calculated separately for each conversa-

. . . . K =

tion. A multiple linear regression model, AScore=a + z y. D +¢, was then con-
k=1 "kKk

structed, where K represents the total number of sessions for each learner, with

session order included as a control variable.

The parameter estimates of the multiple linear regression model are presented
in Table 2. The model demonstrated an overall goodness of fit of R? = 0.438, with an
adjusted R? of 0.412 (F(8, 67) = 6.532, p < 0.001). The ﬁk coefficients for the first six
conversations were all significantly positive (p < 0.05), with Conversation 4 exhibit-
ing the largest coefficient (y, = 7.245, p = 0.004). Specifically, a 0.1-point increase in
conversation depth during Conversation 4 was associated with an expected increase
of approximately 0.72 points in the learner’s post-test score. From Conversation 7
onward, the coefficients gradually became statistically nonsignificant. This pattern
may reflect alearning plateau effect, whereby the marginal contribution of conversa-
tion depth to learning performance diminishes once learners reach a certain level of
proficiency. Overall, the composite conversation depth score explained 43.8% of the
variance in learner performance, indicating moderate-to-strong predictive validity.

Table 2. Multiple linear regression results for predicting Ascore

Predictor Coefficientoc D ) (Conversation 1) ]_)2 (Conversation 2) I_)3 (Conversation3) D h (Conversation 4)
Coefficient y 2.341 4.872 5.234 6.108 7.245
Standard error 1.872 2.103 2.051 2214 2.398
tvalue 1.251 2.317 2.552 2.759 3.021
p value 0.215 0.024 0.013 0.008 0.004
95% confidence interval | [-1.398, 6.080] [0.673,9.071] [1.139,9.329] [1.688,10.528] [2.457,12.033]

Predictor Coefficiento.  D_ (Conversation5) D, (Conversation6) D, (Conversation7) D, (Conversation 8+)
Coefficient y 2.341 6.893 5.671 4.298 3.124
Standard error 1.872 2.287 2.356 2442 2.561
tvalue 1.251 3.014 2407 1.760 1.220
p value 0.215 0.004 0.019 0.083 0.227
95% confidence interval | [-1.398, 6.080] [2.326, 11.460] [0.967,10.375] [-0.578,9.174] [-1.989, 8.237]
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6.3 Dynamic changes in conversation depth across turns

within conversations

The within-conversation dynamics of conversation depth were examined to
determine whether the composite conversation depth score increased systemat-
ically across successive interaction turns. A multilevel model was fitted to distin-
guish between conversation-level and turn-level variation. The dependent variable
was the composite conversation depth score for an individual interaction turn, Dij,
(turn { within conversation j). The predictors included turn number, Turni]., a within-
conversation position variable, IsWithin,, and their interaction:

Dy=B,+ B, Turn, + B, - IsWithin, + B, - ISWithin, x Turn, + U, + €,

where, u, ~N (0, olf) denotes the conversation-level random intercept, €~ N(O, 0'62)
denotes the turn-level residual, and B, represents the coefficient of primary
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interest. The parameter estimates from the multilevel model are presented in Table 3.
A significant positive interaction effect, IsWithin x Turn, was observed (5, = 0.021,
p < 0.001), indicating that the composite depth score increased by an average of
0.021 points with each additional turn within the same conversation. For a repre-
sentative 10-turn conversation, this estimate corresponds to an expected increase
of approximately 0.189 points from the first to the tenth turn, corresponding to a
progression from shallow dialogue (D = 0.30) to moderately deep dialogue (D = 0.49).
The main effect of turn order was also significantly positive (3, = 0.008, p = 0.008),
indicating a gradual but significant increase in conversation depth with the accu-
mulation of overall usage experience, even across conversations. The intraclass
correlation coefficient was 0.300, indicating that between-conversation differences
accounted for 30.0% of the total variance in depth scores, whereas the remaining
70.0% was attributable to within-conversation variation. These findings support the
necessity of analyzing the dynamic changes in conversation depth at the turn level.
Figure 2 shows the parameter estimates of the multilevel model with random effects.

Table 3. Fixed-effects estimates from the multilevel model

0
Fixed Effect Estimate SEMGEN R tValue pValue S T EED
Error of Freedom Interval
Intercept B, 0.287 0.019 8419 15.105 <0.001 [0.250, 0.324]
Turn B, 0.008 0.003 39832 2.667 0.008 [0.002, 0.014]
IsWithin B, 0.052 0.021 8419 2476 0.013 [0.011, 0.093]
IsWithin x Turn B, 0.021 0.004 39832 5.250 <0.001 [0.013,0.029]
0.35 0.25
0.3 0.205 0.2
0.25 5
8 us 0.15 'S
g 0.134 5
2 5
= 0.15 01 8
g
0.1 3
0.05
0.05

o — — .

Between-conversation ~ Within-conversation residual ~ Intraclass correlation
variance variance coefficient (ICC)

[ Variance Standard deviation

Fig. 2. Parameter estimates of the multilevel model with random effects

6.4 Comparison of conversation trajectories across proficiency levels

Differences in conversation-deepening trajectories were examined between
beginner-levellearners (N5-N4;n, =42; pretest mean=48.3, standard deviation=11.2)
and intermediate-level learners (N3-N2; n, = 34; pretest mean = 71.6, standard
deviation = 9.8). Dynamic time warping was used to quantify differences between
the mean trajectories of the two proficiency groups. Two-dimensional sequences
defined jointly by pseudotime and conversation depth were aligned by minimizing
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the cumulative distance between corresponding trajectory points. Three additional
trajectory characteristics were compared between groups: mean pseudotime pro-
gression (y), number of branch points, and mean pseudotime progression rate (R, ).

The between-group comparisons are presented in Table 4. Significant differences
between beginner- and intermediate-level learners were observed across all three
trajectory measures (p < 0.001), with large standardized effect sizes (Cohen’s d > 0.8).
Mean pseudotime progression was significantly greater in the intermediate group
(v =0.603) than in the beginner group (y =0.412, {(74) = 9.384, p < 0.001, Cohen’s d
=2.16)). This finding indicates that the conversations of intermediate-level learners
were generally positioned further along the conversation-deepening axis. The mean
number of branch points per learner was 3.4 in the intermediate group, compared
with 1.8 in the beginner group (¢(74) = 6.553, p < 0.001, Cohen’s d = 1.51), indicat-
ing that intermediate-level learners explored a greater diversity of conversation-
deepening trajectories. The significant difference in the conversation deepening
rate, R (1.42x 1072 vs. 0.87 x 107%, t(74) = 6.940, p < 0.001, Cohen’s d = 1.60) further
indicates that intermediate-level learners achieved significantly greater gains in
conversation depth per turn. The dynamic time warping distance between the mean
trajectories of the two groups was 0.347 in the normalized space, indicating a mod-
erate difference in trajectory shape. Specifically, the trajectory of the beginner group
exhibited a relatively smooth, monotonic increase, whereas that of the intermediate
group showed multiple stepwise increases and branching structures in the middle-
to-late portion of the pseudotime axis (= 0.5 — 0.8). These patterns corresponded to
breakthrough points associated with discussions of grammatical refinement and the
practice of complex sentence structures.

Table 4. Comparison of conversation-trajectory measures between beginner- and
intermediate-level learners

Measure Beginner Intermediate Test Value Effect Size
Group (n=42) Group (n=34) Statistic P (Cohen’s d)

Mean pseudotime 0.412 (0.087) 0.603(0.092) | (74)=9.384 | <0.001 2.16
progression y
Number of branch points 1.8(0.9) 34(1.2) ((74)=6.553 | <0.001 1.51
per learner
Deepening rate R (x10~) 0.87(0.31) 1.42(0.38) {(74)=6.940 | <0.001 1.60
Mean composite conversation | 0.394 (0.079) 0.557(0.085) | t(74)=8.703 | <0.001 2.00
depth score D
Mean number of interaction 8.7(3.2) 124 (4.1) {(74)=4.369 | <0.001 1.01
turns per conversation

7  CONCLUSION

To address the limited understanding of interaction dynamics in generative
artificial intelligence-supported mobile Japanese conversation learning, an ana-
lytical framework based on temporal modeling of interaction trajectories was
developed, integrating data acquisition, feature engineering, trajectory inference,
and depth quantification within a unified computational framework. By adapting
pseudotime trajectory inference from single-cell transcriptomics to mobile human-—
artificial intelligence interaction, conversation deepening was represented as a
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visualized, continuous, computationally tractable trajectory rather than as a series
of isolated interaction outcomes. Experimental validation demonstrated that the
proposed approach exhibited high internal consistency and external validity. The
composite conversation depth score explained 43.8% of the variance in learner per-
formance, and conversation depth increased significantly across successive turns
within the same conversation. The findings further revealed that intermediate-level
learners exhibited deeper, more diverse, and more rapidly progressing conversation
trajectories than beginner-level learners.

These findings make contributions at theoretical, technological, and practical
levels. Theoretically, the proposed framework provides computationally opera-
tionalized definitions and empirical support for the interaction hypothesis and the
output hypothesis. Technologically, it provides mobile conversational systems with
a quantitative tool for real-time assessment of interaction depth. Practically, the
findings offer guidance for the design of dynamically adaptive generative artificial
intelligence-assisted language learning systems. Several limitations should never-
theless be acknowledged, including the relatively limited sample size, the four-week
experimental duration, the exclusive focus on Japanese, and the use ofa single general-
purpose large language model. Future research could incorporate reinforcement
learning to develop strategies for actively guiding conversation deepening, extend
the framework to multimodal interaction data to capture richer cognitive signals, and
evaluate the proposed approach across additional languages and mobile interaction
contexts to assess its generalizability.

8  REFERENCES

[1] A.D.Samala, X. Zhai, K. Aoki, L. Bojic, and S. Zikic, “An in-depth review of ChatGPT’s pros
and cons for learning and teaching in education,” International Journal of Interactive
Mobile Technologies, vol. 18, no. 2, pp. 96-117, 2024. https://doi.org/10.3991/ijim.v18i02.
46509

[2] M. Jamshed, A. S. M. M. Ahmed, M. Sarfaraj, and W. U. Warda, “The impact of ChatGPT
on English language learners’ writing skills: An assessment of Al feedback on mobile,”
International Journal of Interactive Mobile Technologies, vol. 18, no. 19, pp. 18-36, 2024.
https://doi.org/10.3991/ijim.v18i19.50361

[3] R. Shadiev, T. Liu, and W. Hwang, “Review of research on mobile-assisted language
learning in familiar, authentic environments,” British Journal of Educational Technology,
vol. 51, no. 3, pp. 709-720, 2019. https://doi.org/10.1111/bjet.12839

[4] X. M. Li, M. Liu, and C. Zhang, “Technological impact on language anxiety dynamic,”
Computers & Education, vol. 150, Art. no. 103839, 2020. https://doi.org/10.1016/j.compedu.
2020.103839

[5] L.Guan, E.Y.Zhang, and M. M. Gu, “Examining generative Al-mediated informal digital
learning of English practices with social cognitive theory: A mixed-methods study,”
ReCALL, vol. 37, no. 3, pp. 315-331, 2024. https://doi.org/10.1017/50958344024000259

[6] R. Wuand Z. Yu, “Do Al chatbots improve students learning outcomes? Evidence from a
meta-analysis,” British Journal of Educational Technology, vol. 55, no. 1, pp. 10-33, 2023.
https://doi.org/10.1111/bjet.13334

[7] M. Li, Y. Wang, and X. Yang, “Can generative Al chatbots promote second language
acquisition? A meta-analysis,” Journal of Computer Assisted Learning, vol. 41, no. 4,
Art. no. 70060, 2025. https://doi.org/10.1111/jcal.70060

International Journal of Interactive Mobile Technologies (iJIM) 91


https://online-journals.org/index.php/i-jim
https://doi.org/10.3991/ijim.v18i02.46509
https://doi.org/10.3991/ijim.v18i02.46509
https://doi.org/10.3991/ijim.v18i19.50361
https://doi.org/10.1111/bjet.12839
https://doi.org/10.1016/j.compedu.2020.103839
https://doi.org/10.1016/j.compedu.2020.103839
https://doi.org/10.1017/S0958344024000259
https://doi.org/10.1111/bjet.13334
https://doi.org/10.1111/jcal.70060

Liu and Liu

92

(8]

(9]

(10]

[11]

(12]

[13]

9

F. Huang, Y. Wang, and H. Zhang, “Modelling generative Al acceptance, perceived teach-
ers’ enthusiasm and self-efficacy to English as a foreign language learners’ well-being in
the digital era,” European Journal of Education, vol. 59, no. 4, Art. no. e12770, 2024. https://
doi.org/10.1111/ejed.12770

C. J. Lin and H. Mubarok, “Learning analytics for investigating the mind map-guided
Al chatbot approach in an EFL flipped speaking classroom,” Educational Technology &
Soctety, vol. 24, no. 4, pp. 16-35, 2021. https://www.jstor.org/stable/48629242

F. §. Kog and P. Savas, “The use of artificially intelligent chatbots in English language
learning: A systematic meta-synthesis study of articles published between 2010 and
2024, ReCALL, vol. 37,no. 1, pp. 4-21, 2024. https://doi.org/10.1017/S0958344024000168
S. Figueiredo, “The effect of mobile-assisted learning in real language attainment: A sys-
tematic review,” Journal of Computer Assisted Learning, vol. 39, no. 4, pp. 1083-1102,
2023. https://doi.org/10.1111/jcal. 12811

C. L. Nagle, “A design framework for longitudinal individual difference research:
Conceptual, methodological, and analytical considerations,” Research Methods in Applied
Linguistics, vol. 2, no. 1, Art. no. 100033, 2022. https://doi.org/10.1016/j.rmal.2022.100033
M. B. Paradowski, N. Whitby, M. Czuba, and P. Brodka, “Peer interaction dynamics
and second language learning trajectories during study abroad: A longitudinal inves-
tigation using dynamic computational social network analysis,” Language Learning,
vol. 74, no. S2, pp. 58-115, 2024. https://doi.org/10.1111/lang.12681

AUTHORS

Xiling Liu received her Master’s degree from Northeast Normal University in
2009 and her Ph.D. degree from Beijing Foreign Studies University in 2021. She is
currently a faculty member at the School of Foreign Languages, Tangshan College.
Her research interests include foreign linguistics and foreign language teaching
(E-mail: IXltsxy@163.com).

Wel Liu studied at the China Institute of Defense Science and Technology and
received his Bachelor’s degree in 2006. His research interests lie in Computer Science
and Technology (E-mail: lwhzah@163.com).

International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 20 No. 20 (2026)


https://online-journals.org/index.php/i-jim
https://doi.org/10.1111/ejed.12770
https://doi.org/10.1111/ejed.12770
https://www.jstor.org/stable/48629242
https://doi.org/10.1017/S0958344024000168
https://doi.org/10.1111/jcal.12811
https://doi.org/10.1016/j.rmal.2022.100033
https://doi.org/10.1111/lang.12681
mailto:lxltsxy@163.com
mailto:lwhzah@163.com

