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Abstract This study proposes a teaching-improvement model for midwifery education in higher vocational colleges that
integrates artificial-intelligence-based assessment with classroom interaction analysis. The model is intended to enhance
teaching quality and students’ learning experience by using AI techniques to capture dynamic information that is difficult
to obtain through conventional end-of-course assessment. A dual-path architecture combining ELMo-BiLSTM-CRF with a
Transformer encoder is employed to analyze classroom interaction data across multiple modalities, including speech, text,
and behavioral information, thereby supporting emotion recognition, engagement assessment, and feedback on instructional
strategies. The study further incorporates a closed-loop mechanism in which AI-generated assessment results are linked to
instructional adjustment so that classroom interaction, learner affect, and teaching decisions can be analyzed within a unified
framework. The experimental sections report model-performance analyses, group comparisons, and multimodal visualization
results. In classroom interaction emotion recognition, the proposed dual-path model achieved an accuracy of 89.7%, a recall
of 90.3%, and an F1 score of 90.0%, outperforming the comparative approaches reported in the study. Classroom engagement
in the AI-enhanced group reached 85.9%, compared with 68.4% in the control group, while the Emotion Improvement Index
increased from 0.21 to 0.43. Additional analyses illustrate how the framework can capture changes in learner emotion and
engagement, examine the influence of regulatory mechanisms, and extract information relevant to teaching improvement.
Overall, the results support the potential of AI-assisted classroom analytics as a decision-support tool for data-informed
improvement in vocational midwifery education.

Index Terms artificial intelligence assessment, classroom interaction analysis, higher
vocational midwifery education, ELMo-BiLSTM-CRF, Transformer, emotion recogni-
tion, teaching improvement

I. Introduction

In recent years, the continuous development of higher vo-
cational education has placed increasing emphasis on the

quality, relevance, and practice-oriented nature of professional
training. Midwifery, as an important branch of nursing and
maternal-health education, requires students to develop not
only disciplinary knowledge but also communication compe-
tence, emotional resilience, clinical judgment, and the ability
to respond appropriately in complex interpersonal situations.
Conventional midwifery teaching in higher vocational col-
leges generally combines classroom instruction with practical
or clinical training; however, teaching evaluation often relies
heavily on final examinations, teacher judgment, and limited
classroom observation. Such approaches provide only a partial
view of the learning process and may fail to capture changes
in classroom participation, emotional state, interaction quality,
and learning engagement in a timely manner. Consequently,

instructors may receive delayed or incomplete feedback about
students’ learning difficulties, while students’ emotional fluc-
tuations and interaction patterns remain insufficiently quanti-
fied. These limitations create a need for more objective, data-
informed, and responsive approaches to teaching improve-
ment.

The rapid development of artificial intelligence (AI), par-
ticularly deep learning, natural language processing (NLP),
learning analytics, and multimodal sensing, provides new pos-
sibilities for educational assessment. AI-supported systems
can process classroom speech, textual interaction, behavioral
signals, and other learning traces to identify patterns that are
difficult to observe consistently through manual evaluation
alone. In healthcare education, virtual simulation, intelligent
feedback, adaptive learning, and AI-supported assessment
have increasingly been explored as tools for improving learn-
ing experiences and professional preparation [1]. Midwifery
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education is also beginning to consider how AI may support
curriculum design, learner feedback, simulation, and pro-
fessional readiness [2]. Related work in nursing simulation
further indicates that AI can be incorporated into simulation-
based education to support learning and evaluation [3]. In ad-
dition, case-based learning combined with virtual-reality sim-
ulation has shown value in midwifery laboratory education,
particularly for practical ability, self-directed learning, and
comprehensive competence [4]. These developments suggest
that AI-assisted classroom analytics may complement, rather
than replace, professional teaching judgment.

The educational objective of midwifery training extends
beyond the transmission of factual knowledge. Students must
develop professional communication skills, psychological sta-
bility, collaborative behavior, and the ability to integrate the-
oretical understanding with clinical reasoning. Classroom in-
teraction therefore plays an important role in knowledge con-
struction, emotional support, and the development of profes-
sional confidence. Nevertheless, vocational midwifery class-
rooms may contain uneven participation, anxiety, hesitation,
and differences in learning engagement. When these dynamic
states are not captured systematically, instructors may have
difficulty determining when and how to adjust teaching strate-
gies. Contemporary discussions of AI in nursing education
emphasize both opportunities and challenges, including the
potential for individualized learning support, simulation, intel-
ligent feedback, and ethical concerns related to transparency
and bias [5]. Empirical and review-based studies also indicate
that AI-supported educational interventions can contribute to
professional learning when they are appropriately integrated
into pedagogical design [6], [7].

The application of AI-based assessment in education has
expanded from isolated classification tasks toward broader
learning-behavior modeling, simulation, and feedback sys-
tems. Systematic evidence from health education shows grow-
ing interest among students and academics in AI-supported
learning and practice, while also emphasizing the need for
appropriate training, governance, and curriculum integration
[8]. In obstetric nursing, interactive virtual-reality commu-
nication simulation supported by ChatGPT has been inves-
tigated as a way to strengthen communication competence
and learning experience [9]. AI has also been used for
adaptive scenario development in interprofessional education
[10] and for scenario-based simulation in medical education
[11]. These developments are consistent with broader peda-
gogical frameworks that combine classroom learning, high-
fidelity simulation, and AI-enhanced extended reality [12].
For midwifery specifically, technology-supported childbirth
training and gamification have also demonstrated the value
of interactive learning environments [13]. However, the direct
integration of AI-based classroom interaction analysis with
midwifery teaching-improvement decisions remains compar-
atively underdeveloped.

Despite these advances, several technical and pedagogical
challenges remain. Classroom interaction data are hetero-
geneous and may include colloquial language, professional

terminology, spontaneous speech, non-verbal behavior, and
emotionally sensitive expressions. A single data modality may
therefore provide an incomplete representation of students’
classroom states. Moreover, AI-generated outputs become
educationally useful only when they can be translated into in-
terpretable and actionable teaching feedback. Recent reviews
of AI-based pedagogies in nursing education emphasize the
need to connect technical innovation with sound instructional
design and responsible implementation [14]. Evidence from
labor-support training further illustrates that interactive and
experiential strategies can improve learning performance and
core competencies when teaching design is aligned with pro-
fessional tasks [15]. Personalized adaptive learning has also
been examined in nursing and midwifery contexts as a means
of tailoring instructional support to learner characteristics and
performance [16]. These findings reinforce the importance of
combining computational assessment with pedagogical inter-
pretation rather than treating model output as an isolated end
point.

To address these issues, this paper develops a teaching-
improvement model for higher vocational midwifery edu-
cation that integrates AI-based assessment with classroom
interaction analysis. The proposed framework is designed
around three complementary objectives. First, contextual lan-
guage representations are used to improve the interpretation of
classroom interaction text containing ambiguous and domain-
specific expressions. Second, multimodal classroom informa-
tion is incorporated so that textual, speech, video, and behav-
ioral evidence can be considered jointly. Third, assessment
results are connected to a feedback loop that supports ad-
justment of teaching strategies, thereby linking data analysis
to classroom decision-making. This orientation is consistent
with current efforts to improve AI literacy among healthcare
learners and educators [17], with research on the use of AI
by midwifery students [18], and with multimodal learning-
analytics systems developed for team-based healthcare sim-
ulation [19].

At the computational level, the model uses ELMo-based
contextual embeddings to reduce ambiguity in classroom in-
teraction text, BiLSTM to capture bidirectional sequential de-
pendencies, and CRF decoding to model dependencies among
output labels. These components are intended to support the
identification of student emotions, interaction behaviors, and
engagement-related states. The technical basis for contex-
tualized word representation and sequence labeling is well
established in the NLP literature [23]–[25].

In addition to text-based interaction data, the framework is
designed to incorporate classroom audio, video, and facial-
expression information. The purpose of this multimodal de-
sign is not simply to increase the amount of input data, but
to provide complementary evidence about engagement and
affect when a single modality is incomplete or ambiguous.
Such an approach is aligned with the wider digital transfor-
mation of nursing education, in which simulation, multimodal
technologies, and digitally mediated learning are increasingly
integrated into curriculum development [20].
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The proposed framework therefore extends beyond AI-
based classification alone. Its intended role is to link assess-
ment outputs with instructional strategies, forming a closed-
loop relationship among teachers, students, and the analytical
system. Within this loop, model outputs are interpreted as
decision-support information rather than as autonomous judg-
ments. This distinction is important in healthcare education,
where educational quality, professional accountability, and
fairness must remain under human oversight. Broader re-
views of technology integration in medical curricula similarly
emphasize that successful digital transformation requires not
only technological capability but also curriculum redesign,
faculty preparation, and responsible implementation [21].

II. Abortion-Related Biomedical Named Entity
Recognition
Biomedical named entity recognition (Bio-NER) identifies
clinically or biologically relevant entities, such as diseases,
drugs, symptoms, procedures, genes, and proteins, from un-
structured biomedical text. In the present technical pipeline,
abortion-related biomedical text is used as a domain-specific
language source for contextual representation learning. The
entity-recognition process consists of two fundamental tasks:
identifying entity boundaries and assigning an appropriate en-
tity category. Neural sequence-labeling architectures provide
a well-established basis for these tasks [24], [25].

A. Overall Model Architecture

Distributed word representations are widely used in natural
language processing because they transform discrete lexical
items into dense vectors that can be processed by neural
models. Conventional static embeddings, however, assign a
single vector to a word regardless of context and therefore
cannot adequately represent polysemy or context-dependent
terminology. This limitation is particularly relevant in biomed-
ical and educational text, where abbreviations, professional
terms, and semantically ambiguous expressions occur fre-
quently. Contextualized representations address this problem
by generating a word representation that depends on the
surrounding sentence. ELMo is one such approach: it derives
task-sensitive contextual embeddings from a bidirectional lan-
guage model and combines information from multiple internal
layers [23]. Chinese named-entity recognition also benefits
from models that explicitly represent character and lexical
structure, as demonstrated by lattice-LSTM approaches [26].
Figure 1 summarizes the ELMo component used in the present
architecture.

A corpus of Chinese abortion-related biomedical text was
used in the source study to pre-train the Chinese ELMo com-
ponent. After training, each input token is associated with rep-
resentations derived from the token layer and the forward and
backward language-model layers. These representations are
subsequently combined through learned task-specific weights.
For a sequence of N words, (t1, t2, . . . , tN ), the forward lan-
guage model factorizes the sequence probability by predicting

the token at position k from the preceding context, as shown
in Eq. (1).

p (t1, t2, . . . , tN ) =

N∏
k=1

p (tk | t1, t2, . . . , tk−1) . (1)

The backward language model is defined analogously, ex-
cept that each token is predicted from the subsequent context,
as shown in Eq. (2).

p (t1, t2, . . . , tN ) =

N∏
k=1

p (tk | tk+1, tk+2, . . . , tN ) . (2)

The bidirectional language model is trained by maximizing
the sum of the forward and backward log-likelihoods. The
corresponding objective is given in Eq. (3).
N∑

k=1

[
log p

(
tk | t1, . . . , tk−1; θx, θ⃗LSTM , θs

)
+ log p

(
tk | tk+1, . . . , tN ; θx,

←−
θ LSTM , θs

)]
.

(3)
For a bidirectional language model with L internal layers,

ELMo constructs multiple representations for each token by
combining the forward and backward hidden states. The rep-
resentation set at position k is written as

Rk =
{
xLM
k ,

[
h⃗LM
k,j ,
←−
h LM

k,j

]
: j = 1, . . . , L

}
=

{
hLM
k,j : j = 0, . . . , L

}
, (4)

where xLM
k denotes the context-independent token represen-

tation and hLM
k,j = [⃗hLM

k,j ,
←−
h LM

k,j ] denotes the concatenated
forward and backward representation at layer j.

For a specific downstream task, the layer representations
are combined into a single contextual vector using learned
normalized weights, as shown in Eq. (5).

ELMotaskk = E
(
Rk; θ

task
)
= γtask

L∑
j=0

staskj hLM
k,j , (5)

where staskj is obtained through a softmax-normalized weight-
ing scheme and γtask is a task-specific scaling parameter.

Figure 1: Contextual Representation Process in the ELMo
Component

For an input sentence X , the pre-trained ELMo model
generates contextual representations for each token. The layer-
specific representations are assigned learned weights and
combined into a single context-sensitive embedding. This

78



Zhu and Wang: Research on a Teaching Improvement Model for Higher Vocational Midwifery Education

embedding is then supplied to the BiLSTM-CRF sequence-
labeling network as an additional feature. The BiLSTM cap-
tures bidirectional context, while the CRF layer models de-
pendencies among neighboring labels and returns a globally
consistent label sequence. Similar neural sequence-labeling
strategies are widely used for named-entity recognition [24],
[25], while contextualized biomedical language models such
as BioBERT demonstrate the value of domain-specific pre-
training for biomedical text mining [28].

B. Classroom Interaction Prediction Mechanism
Figure 2 illustrates the context-prediction mechanism used
to obtain an interaction-related target label. In the schematic
example, surrounding words provide contextual evidence for
the target position. In the classroom application, the target is
not the example word itself but an interaction label, such as an
affective state or engagement category.

Figure 2: Structure of the Context Prediction Mechanism

The context tokens Wt−2,Wt−1,Wt+1,Wt+2 are mapped
through the embedding matrix V to dense vector representa-
tions. The resulting vectors encode local contextual evidence
surrounding the target position and provide the input to the
attention-weighted context representation.

The contextual vectors are then summed or weighted to
form the representation ht:

ht =
t+k∑

i=t−k
i̸=t

αivi, (6)

where αi denotes a learned attention weight. This formulation
allows the model to assign greater importance to context
positions that are more informative for the target interaction
label.

Finally, a softmax layer is used to estimate the probability
of the target classroom-interaction label:

P (yt | context) =
exp

(
u⊤
yt
ht

)∑|Y |
j=1 exp

(
u⊤
j ht

) . (7)

In the proposed classroom scenario, the model processes
interaction data such as transcribed student responses and dis-
cussion speech to estimate emotional states and engagement-
related behaviors. These predictions are subsequently trans-
ferred to the teaching-feedback module. The purpose is three-
fold: to identify learners who may require additional support,

to provide instructors with evidence for adjusting interaction
methods and teaching pace, and to establish a closed-loop im-
provement process in which repeated AI-assisted assessment
informs subsequent instructional decisions.

C. Analysis of Transformer Encoder Submodule
Interaction in AI Classroom
Figure 3 presents the Transformer encoder submodule incor-
porated into the proposed teaching-improvement model. The
purpose of this branch is to capture long-range dependencies
and global contextual relationships within classroom interac-
tion sequences. Its architecture contains an input-embedding
layer, Transformer encoder blocks based on multi-head self-
attention and feed-forward networks, an output representation
layer, and a prediction layer. In combination with the ELMo-
BiLSTM-CRF branch, the Transformer provides a comple-
mentary global-context pathway. The self-attention architec-
ture follows the general Transformer formulation introduced
by Vaswani et al. [29].

Figure 3: Transformer Encoder Submodule Used for Class-
room Interaction Analysis

For a classroom interaction sequence W = [w1, w2, . . . , wn],
each token is first mapped to a dense vector and combined
with positional information:

xi = E(wi) + P i, (8)

where E denotes the word-embedding function and P i is the
positional-encoding vector at position i. This representation
allows the encoder to preserve both lexical information and
token order.

The core computational components are multi-head self-
attention and a position-wise feed-forward neural network.
Together, these components allow the model to integrate
evidence from multiple positions while learning nonlinear
transformations of the contextual representation.

The self-attention mechanism estimates the relevance of
each sequence position to the others and forms a context-
dependent representation:

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V, (9)
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where Q, K, and V are the query, key, and value matrices,
respectively, and dk is the key dimension used for scaling.

The multi-head formulation performs several attention op-
erations in parallel so that different relational patterns can be
represented simultaneously:

headi = Attention(QWQ
i ,KWK

i , V WV
i ), (10)

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)W
O.

(11)
The attention output is combined with a residual connection

and normalized:

H ′ = LayerNorm (X +MultiHead(Q,K, V )) . (12)

A feed-forward network then applies an additional nonlin-
ear transformation:

H ′′ = FFN(H ′) = max
(
0,H ′W1 + b1

)
W2 + b2. (13)

This stage increases the representational capacity of the
encoder after contextual information has been aggregated
through attention.

1) Output representation
The contextual representation is transferred to the prediction
stage after the feed-forward output is combined with the
residual pathway:

H = LayerNorm
(
H ′ +H ′′) . (14)

The resulting matrix retains sequence-level contextual infor-
mation and provides the input features required for classroom
interaction classification.

2) Prediction layer
For token- or interaction-level classification, a softmax layer
can be used to estimate the probability of each classroom
interaction label:

P (yi |W ) =
exp

(
u⊤
yi
hi

)∑|Y |
j=1 exp

(
u⊤
j hi

) . (15)

For sequence-labeling tasks in which neighboring output
labels are not independent, CRF decoding can replace inde-
pendent softmax decoding so that the final prediction accounts
for transitions among labels and returns a globally optimized
label sequence.

Within the overall framework, the input layer represents
transcribed classroom interaction text, the Transformer en-
coder captures global contextual dependencies, and the out-
put representation is passed to the AI-assessment module
to estimate student emotion and interaction-related labels.
The ELMo-BiLSTM-CRF branch provides complementary
contextual and sequential modeling, while the Transformer
branch strengthens long-range feature interaction. Pre-trained
Transformer models such as BERT and biomedical vari-
ants such as BioBERT further demonstrate the effectiveness
of contextual pre-training for language understanding and
domain-specific text analysis [27], [28]. The dual-path design
is therefore intended to combine local sequence sensitivity
with global contextual modeling.

III. Data and Methods
A. General data

The source manuscript reports that 500 abortion patients ad-
mitted to the participating hospital were included as study
subjects. Participants were allocated to a control group and
an experimental group according to odd and even consultation
serial numbers, with 250 participants in each group [21]. The
reported age range in the control group was 23–34 years, with
a mean age of 28.7 ± 4.6 years, whereas participants in the
experimental group were 22–37 years old, with a reported
mean age of 26.4 ± 10.1 years. The source further states
that participants provided informed consent after admission,
that the study was approved by the hospital medical ethics
committee, and that complete medical records were available.
Because these participant details are clinically oriented and
differ from the educational sample described elsewhere in
the manuscript, the original records should be checked before
publication.

B. Evaluation Indicators

The source manuscript reports the use of the Self-Rating
Anxiety Scale (SAS) and Self-Rating Depression Scale (SDS)
to assess psychological status. For the SDS, scores of ≤ 53
were interpreted as indicating no depression, scores of 53–62
as mild depression, scores of 63–72 as moderate depression,
and scores of > 72 as severe depression. Higher scores
therefore indicate more severe depressive symptoms. The cor-
responding SAS score was interpreted in the same direction,
with higher values indicating greater anxiety. The repeat-
abortion or repeat-miscarriage rate was also recorded and
compared between the two groups. These clinical outcomes
are reproduced from the supplied manuscript and should be
reconciled with the classroom-education outcomes described
in the abstract and later experimental sections.

IV. Results
A. Comparison of the Repeat Miscarriage Rate Between
the Two Groups

In the control group, 21 participants (8.40%) experienced
repeat miscarriage, whereas 2 participants (0.80%) in the
experimental group experienced repeat miscarriage. The re-
ported rate was therefore lower in the experimental group.
Because the source manuscript does not provide the inferential
test for this comparison in the accompanying text, the result
is presented descriptively rather than as an independently
verified claim of statistical significance.

B. Comparison of SDS and SAS Scores of Patients in the
Two Groups

Before treatment, the differences in SDS and SAS scores
between the experimental and control groups were not sta-
tistically significant (p > 0.05), as reported in Table 1.
After treatment, both measures were lower in the experimen-
tal group than in the control group, and the table reports
p < 0.001 for the between-group comparisons after treatment.
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Table 1 therefore provides the numerical basis for the reported
changes in anxiety- and depression-related scores.

Table 1: Comparison of SDS and SAS Scores Between Two
Groups of Patients (Score, x± s)

Group SDS score SAS score
Before treatment After treatment Before treatment After treatment

Control group 58.75±2.88 55.12±5.98* 61.57±4.01 59.78±6.01*
Experimental group 58.23±3.45 32.01±5.31* 62.12±5.11 44.23±5.13*

t value 1.5101 49.2115 1.5897 32.9912
p value 0.1423 0.0000 0.1128 0.0000

Note: An asterisk indicates a within-group difference relative to the
corresponding pre-treatment value at p < 0.05, as reported in the source

manuscript.

C. Performance Analysis
A Chinese biomedical corpus was constructed by combining
translated English biomedical material with manually an-
notated Chinese text. The purpose of this auxiliary experi-
ment was to evaluate the domain-specific entity-recognition
and relation-extraction components used in the language-
processing pipeline. The named-entity recognition model em-
ploys contextualized representation together with BiLSTM-
CRF sequence labeling, while comparison models include
BiLSTM+CRF, Lattice LSTM, and BERT+BiLSTM+CRF.
The principal hyperparameters are summarized in Table 2, and
the corresponding entity-recognition and relation-extraction
results are reported in Table 3.

Table 2: Hyperparameter Settings for Chinese Named Entity
Recognition

Parameter Set value Parameter Set value
Character embedding size 100 LSTM hidden 100

Character dropout 0.6 Sentence length 400
LSTM layer 1 Regularization 1e-8
Learning rate 0.016 Learning-rate decay 0.06

As shown in Table 3, ELMo+BiLSTM+CRF achieved
an F1 score of 84.81% on the reported Chinese entity-
recognition task. The value is slightly lower than the
BERT+BiLSTM+CRF F1 score of 84.89%, although
ELMo+BiLSTM+CRF achieved the highest recall among
the listed entity-recognition models. Accordingly, the revised
interpretation avoids claiming that ELMo+BiLSTM+CRF is
uniformly superior across all metrics. Lattice-LSTM provides
an appropriate Chinese NER comparison because it explicitly
incorporates lexical information into recurrent sequence mod-
eling [26], while BERT provides a contextual Transformer
baseline [27].

Table 3: Chinese Entity Recognition and Relation Extraction
Results

Task Type Model Precision (%) Recall % F1 score (%)
Entity Identification BiLSTM+CRF 82.31 82.10 81.99

Lattice LSTM 84.56 83.45 83.97
BERT+BiLSTM+CRF 84.95 84.77 84.89
ELMo+BiLSTM+CRF 84.32 85.76 84.81

Relationship Extraction BiLSTM+Attention 79.29 78.62 79.01
BiLSTM+Attention+Feature 81.35 80.46 80.98

For biomedical relation extraction, the study uses a bidi-
rectional long short-term memory network with an attention

mechanism and introduces a stroke-based feature at the input
layer. The corresponding hyperparameters are listed in Ta-
ble 4. According to Table 3, the BiLSTM+Attention+Feature
configuration achieved an F1 score of 80.98%, compared with
79.01% for BiLSTM+Attention without the additional feature.
The reported improvement is therefore 1.97 percentage points.
This result supports the interpretation that the added fea-
ture contributed useful information for the reported Chinese
relation-extraction task, while avoiding the stronger claim that
the feature would necessarily generalize to other corpora or
domains.

Table 4: Hyperparameter Settings for Chinese Relation Ex-
traction

Parameter Set value Parameter Set value
Batch size 100 LSTM hidden 200

Embedding size 100 Sentence length 100
LSTM layer 1 Regularization 1e-8

Dropout 0.016 Learning-rate decay 0.016

D. Comparison of Model Prediction Performance
Table 5 compares the performance of the evaluated methods
for classroom interaction emotion recognition in terms of
accuracy, recall, and F1 score.

Table 5: Performance Comparison of Different Methods in
Classroom Interaction Emotion Recognition

Model Accuracy (%) Recall (%) F1 score (%)
Manual evaluation 72.1 70.4 71.2

BiLSTM+CRF 83.4 82.9 83.1
Transformer Encoder 85.6 84.7 85.1

ELMo-BiLSTM-CRF + Transformer 89.7 90.3 90.0

The results in Table 5 show a clear performance progres-
sion across the four evaluated approaches. Manual evaluation
produced an accuracy of 72.1%, a recall of 70.4%, and an
F1 score of 71.2%. The BiLSTM+CRF model increased the
F1 score to 83.1%, indicating that sequence modeling and
structured decoding capture information that is not consis-
tently represented by manual assessment alone. The Trans-
former encoder achieved an F1 score of 85.1%, consistent
with the ability of self-attention to model longer-range con-
textual relations. The proposed dual-path ELMo-BiLSTM-
CRF+Transformer model obtained the highest reported val-
ues: 89.7% accuracy, 90.3% recall, and a 90.0% F1 score.
Relative to the Transformer encoder, the absolute F1 improve-
ment is 4.9 percentage points. The complementary architec-
ture provides a plausible explanation for this increase because
contextualized ELMo embeddings reduce lexical ambiguity,
BiLSTM-CRF models local sequential dependencies and label
transitions, and the Transformer strengthens global contextual
interaction. These results indicate that the combined model
is promising for classroom interaction emotion recognition,
although external validation on additional cohorts would be
required before broader generalization. The importance of rig-
orous educational evaluation is consistent with recent mixed-
methods work on nursing-program quality and student com-
petence [22].
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Table 6 compares classroom engagement and the Emotion
Improvement Index (EII) between the control group and the
AI-enhanced experimental group after course completion.
Classroom engagement was 68.4% in the control group and
85.9% in the experimental group, corresponding to an abso-
lute difference of 17.5 percentage points. The EII increased
from 0.21 to 0.43, which is approximately twice the control-
group value. These descriptive differences are consistent with
the intended function of the framework: identifying emotion
and interaction patterns and returning interpretable feedback
that can support adjustment of classroom strategies. However,
Table 6 does not report dispersion estimates, confidence in-
tervals, or inferential test results. For that reason, the revised
text describes the observed differences without labeling them
statistically significant. The results should be interpreted as
evidence from the reported sample rather than as proof of a
universal effect.

Table 6: Comparison of Engagement and Emotion Improve-
ment Index Between the Experimental and Control Groups
After Course Completion

Group Classroom Engagement (%) Emotion Improvement Index (EII)
Control Group 68.4 0.21

Experimental Group (AI-enhanced Model) 85.9 0.43

Figure 4 illustrates a published example of racial bias
in contextual clinical language modeling. For the prompt
“[RACE] pt became belligerent and violent. sent to [TOKEN]
[TOKEN],” the displayed SciBERT outputs differ across
racial descriptors: the model associates White/Caucasian de-
scriptors with “hospital” more often in the illustrated example
and Black/African American descriptors with “prison.” This
example originates from prior work on bias in clinical contex-
tual word embeddings [30]; it is not an independently gener-
ated result of the present classroom experiment. Its relevance
here is methodological: AI-based educational assessment may
reproduce undesirable associations if training data, represen-
tation learning, or evaluation procedures contain systematic
bias. Consequently, classroom analytics should incorporate
dataset review, subgroup performance checks, human over-
sight, and explicit fairness auditing before model outputs are
used to support teaching decisions.

Figure 4: Illustration of Racial Bias in SciBERT Fill-in-the-
Blank Predictions

Figure 5 presents a supplementary analysis of teaching

experience and educational level across six classroom dimen-
sions: learning atmosphere, classroom management, instruc-
tional clarity, activating instruction, differentiated instruction,
and teaching–learning strategies. The plotted estimates indi-
cate that the direction and magnitude of associations vary
across teacher subgroups and classroom dimensions. In partic-
ular, the displayed coefficients suggest stronger positive asso-
ciations between teaching experience and several instructional
dimensions for male teachers, whereas the education-level
coefficients are more heterogeneous. These patterns should be
interpreted cautiously because the source manuscript does not
provide the full sampling, regression, or model-specification
details required for independent verification of the plotted
coefficients. Within the proposed AI-assisted teaching frame-
work, the figure is therefore used as an example of how
instructor-level variables could be incorporated into diagnos-
tic analysis rather than as evidence that demographic char-
acteristics deterministically produce particular teaching out-
comes.

Figure 5: Differential Associations of Teaching Experience
and Educational Level with Classroom Dimensions

Figure 6 shows a random-slope representation of the rela-
tionship between perceived classroom engagement and eight
emotional states: joy, hope, pride, anger, anxiety, shame, help-
lessness, and burnout. The displayed trends associate greater
engagement with higher positive-emotion scores and lower
scores for several negative emotions, while the strength of
the relationship varies across individuals. Anxiety and help-
lessness show comparatively pronounced downward trends in
the plotted analysis, whereas burnout changes less strongly.
The relevance of this analysis to the proposed framework
is that classroom emotion should be modeled dynamically
rather than treated as a fixed learner characteristic. An AI-
assisted system can use repeated interaction evidence to iden-
tify changing affective patterns, but such outputs should be
interpreted together with pedagogical context and, where ap-
propriate, direct communication with students.

Figure 7 examines the relationship between person-mean-
centered classroom participation and several emotional states
while considering internal and external regulation as modera-
tors. The displayed models indicate that higher participation is
generally associated with more positive affect and lower nega-
tive affect, but that the slopes vary across levels of regulation.
This pattern is important for teaching improvement because

82



Zhu and Wang: Research on a Teaching Improvement Model for Higher Vocational Midwifery Education

students with similar participation levels may nevertheless dif-
fer in emotional response and self-regulatory capacity. Within
the proposed framework, regulatory information can therefore
be treated as contextual evidence when interpreting emotion-
recognition outputs. Rather than generating identical interven-
tions for all learners, the system can support differentiated
recommendations while leaving final pedagogical decisions to
the instructor. This interpretation is also consistent with the
broader emphasis in adaptive learning on tailoring support to
learner characteristics and performance [16].

Figure 6: Random-Slope Analysis of the Relationship Be-
tween Classroom Participation and Student Emotions

Figure 7: Moderating Effects of Internal and External Regula-
tion on Classroom Participation and Student Emotions

V. Conclusion
This study presents an AI-assisted teaching-improvement
framework for higher vocational midwifery education that
combines contextual language modeling, sequence labeling,

Transformer-based global context modeling, and classroom
interaction analysis. The proposed architecture is designed to
address a practical limitation of conventional educational eval-
uation: many important classroom states, including engage-
ment, emotional fluctuation, and interaction quality, evolve
continuously and may not be adequately represented by end-
of-course examinations or occasional manual observation.
By integrating ELMo-based contextual representation with
BiLSTM-CRF and a Transformer encoder, the framework
combines local sequential information, structured label depen-
dencies, and long-range contextual relationships. The reported
classroom emotion-recognition experiment yielded an F1
score of 90.0% for the combined model, compared with 85.1%
for the Transformer encoder and 83.1% for BiLSTM+CRF.
The reported group comparison also showed higher class-
room engagement and a larger Emotion Improvement Index
in the AI-enhanced group. Supplementary visual analyses
further illustrate the importance of fairness auditing, teacher
characteristics, learner engagement, emotion, and regulatory
mechanisms when interpreting AI-supported educational data.

The results should nevertheless be interpreted within the
limitations of the supplied study record. In particular, the
manuscript contains two distinct empirical strands: classroom-
oriented educational experiments and a clinically oriented
dataset involving abortion patients. Because the relationship
between these strands is not fully documented in the source
manuscript, the underlying study records should be checked
before final publication. In addition, some supplementary
figures require fuller methodological documentation, includ-
ing sample definitions, statistical-model specifications, and
data provenance. These limitations do not diminish the use-
fulness of the computational framework, but they are im-
portant for reproducibility and for preventing overinterpre-
tation of descriptive results. Future work should therefore
validate the framework on clearly documented midwifery-
student cohorts, report subgroup and fairness metrics, define
the multimodal data-processing pipeline in greater detail, and
evaluate whether AI-generated feedback leads to sustained
improvements in learning and professional competence. Un-
der these conditions, AI-assisted classroom analytics may pro-
vide a valuable decision-support layer for evidence-informed,
personalized, and ethically responsible vocational midwifery
education.
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