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Abstract
Objective: To investigate the multifactorial mechanisms of auditory hyper-reactivity in children with Autism Spectrum Disorder
(ASD) and evaluate a personalized intervention.

Methods: Thirty children with ASD and thirty typically developing (TD) children were enrolled. Using a mixed-methods
design, we examined main and interactive effects of sound parameters (frequency, intensity, speed) via auditory assessments,
physiological recordings, and machine learning. An 8-week personalized intervention was implemented.

Results: Auditory hyper-reactivity incidence was 28.3% in the ASD group, significantly higher than in the TD group (p<0.001).
Significant main effects were found for frequency (F=25.67, p<0.001, n?=0.42), intensity (F=18.92, p<0.001, n*=0.38), and speed
(F=14.56, p<0.001, n?=0.31), with significant interactions (p<0.001). Machine learning identified spectral centroid frequency
(importance=15.23) and sound pressure level variance (importance=12.67) as key predictors. Post-intervention, hyper-reactivity
decreased to 14.5% (p<0.001) and physiological indicators improved (P300 amplitude increased, p<0.001). The regression
model explained 67% of variance (R*=0.67).

Conclusion: Auditory hyper-reactivity in ASD children is influenced by multi-parameter interactions. Machine learning-based
personalized intervention can effectively improve symptoms, supporting precision rehabilitation.

Keywords: Autism Spectrum Disorder, Auditory Hyper-Reactivity, Machine Learning, Multi-Parameter Analysis, Personalized
Intervention

1. Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental
disorder, and sensory processing abnormalities are
one of its core features. Auditory hyper-reactivity, as a
common problem, manifests as oversensitivity, avoidance,
or emotional outbursts in response to everyday sounds,
affecting approximately 30% of children with ASD [1].
Recent studies indicate that auditory hyper-reactivity is
associated with dysregulation of central auditory processing
pathways, involving enhanced amygdala-auditory cortex
connectivity and abnormal sensory gating mechanisms
[2]. However, existing research is mostly limited to single-
parameter analysis, lacking systematic investigation into the
interactions of multiple factors. The mechanisms underlying
auditory hyper-reactivity in children with ASD remain
unclear. Traditional research has focused on the influence of
physical sound attributes (such as intensity, frequency), but

has overlooked the moderating role of psychological factors
(such as attentional state, anxiety) [3]. With the development
of computational psychiatry, machine learning techniques
provide new avenues for identifying sensitive predictors
[4]. Furthermore, intervention studies lack personalized
programs, and standardized sound desensitization training
has limited effects. Therefore, integrating multi-parameter
modeling and personalized intervention is the focus of
current research.

This study aims to address the following questions through
a mixed design combining advanced statistics and machine
learning methods: (1) How do sound parameters (frequency,
intensity, speed) mainly affect and interact to influence
auditory hyper-reactivity in children with ASD? (2) Which
physiological and behavioral characteristics can serve as key
predictors? (3) Is the personalized intervention effective?

Volume - 4 Issue - 2

Citation: Nie, S., Hou, D., Wang, Y., Bao, L. (2026). Mechanisms and Intervention of Auditory Hyper Reactivity in Children with Autism Spectrum Disorder A P 10f9
age 1o

Study Based on Multi-Parameter Machine Learning. J Cancer Res, 4(2), 1-9.


https://orcid.org/0009-0008-8716-6068

Journal of Cancer Research Copyright © Lidao Bao

We hypothesize that there are non-linear interactive effects
between multiple parameters, and that machine learning-
based intervention can significantly improve symptoms.
The findings will provide a theoretical basis and practical
solutions for clinical intervention.

2. Research Methods

2.1. Research Design and Experimental Architecture
This study adopted a multi-stage mixed-methods design,
integrating three dimensions: cross-sectional survey,
laboratory-controlled experiment, and intervention research.
The experimental design was a 2 (Group: ASD vs. TD) x 3
(Frequency: 125-500Hz low, 500-2000Hz medium, 2000-
8000Hz high) x 4 (Intensity: 50dB, 60dB, 70dB, 80dB SPL) x
3 (Speed: 60 bpm slow, 120 bpm medium, 180 bpm fast) fully
balanced design, with Group as a between-subjects variable
and acoustic parameters as within-subjects variables.
Computer-generated block randomization sequences
allocated experimental conditions, and all participants
received all acoustic parameter combinations, with the order
balanced by a Latin square design. Experimental control
was implemented through a double-blind procedure, with
evaluators unaware of group assignments and experimental
hypotheses [5]. Power analysis using G*Power 3.1.9.7, setting
a=0.05, power=0.95, effect size f=0.35, calculated a minimum
sample size of 54. This study included 60 participants (30
pairs) to ensure statistical power. Considering a possible
dropout rate of 20%, the final sample size met statistical
requirements after multiple comparison corrections. The
experimental environment was controlled in a standard
soundproof room (background noise <30 dBA), with
constant temperature and humidity (22+1°C, 50+5% RH).

2.2. Participant Screening and Grouping Details
Participants were recruited from three special education
schools and three regular primary schools using stratified
random sampling. ASD group inclusion criteria: (1)
Diagnosed according to DSM-5 criteria by two independent
psychiatrists with the title of associate chief physician or
higher; (2) CARS score 230; (3) Age 5-12 years; (4) Normal
hearing (pure-tone threshold <25 dB HL); (5) Parental
signed informed consent. Exclusion criteria: (1) Comorbid
other neuropsychiatric disorders (e.g., epilepsy, tic
disorders); (2) Intellectual disability (1Q<70); (3) Auditory
or visual dysfunction; (4) Recent use of psychotropic
medications. The TD group was matched for age, gender,
and handedness. Sample characteristics were recorded in
detail, including: birth history (gestational age, birth weight,
delivery mode), developmental history (language, motor
milestones), family history (ASD or other neuropsychiatric
disorders), and educational intervention history (training
type, duration, intensity). All participants completed the
Wechsler Intelligence Scale for Children-Fourth Edition
(Chinese version) short-form assessment to ensure matched
intellectual levels [6].

2.3. Measurement Tools
Deepening

2.3.1. Auditory Assessment System Upgrade

Pure tone audiometry was conducted using a clinical

and Parameter System

audiometer (Model: CA540) from German company
Rastronics, frequency range 125-8000Hz, using the
Hughson-Westlake method to determine thresholds.

Uncomfortable Loudness Level (UCL) testing used pure tone
pulse stimuli (duration 1s, interval 1s), starting from 10 dB
above threshold and increasing in 5 dB steps; participants
indicated discomfort via button press, repeated three times
with the average taken. Acoustic stimuli were generated via
a custom MATLAB R2021a (MathWorks) program, sampling
rate 44.1 kHz, quantization 16 bit. Stimulus parameters
were precisely controlled: frequency parameters via
digital filtering (FIR filter, order 256), intensity calibrated
via an acoustic calibration system (B&K 2250 sound level
meter), speed controlled by adjusting envelope modulation
frequency. Specially designed composite sound stimuli
included: pure tones, narrowband noise (1/3 octave),
amplitude-modulated tones (modulation frequency 4-40
Hz), frequency-modulated tones (modulation depth 10%)

[7].

2.3.2. Multimodal Data Synchronous Acquisition System
EEG was recorded using a 64-channel ActiveTwo system
(BioSemi), electrodes arranged according to the 10-20
system, sampling rate 2048 Hz, online bandpass filter 0.1-
100 Hz. Electrode impedance was maintained below 5 k().
Auditory evoked potentials used an oddball paradigm, with
standard stimuli (1000 Hz pure tone, probability 80%)
and deviant stimuli (2000 Hz pure tone, probability 20%)
presented randomly, analyzing N1, P2, P3 components.
Eye tracking used Tobii Pro Fusion, sampling rate 250 Hz,
calibration error <0.5°. Recorded metrics included: fixation
duration, pupil diameter change, saccade amplitude,
fixation distribution entropy. Skin conductance response
(SCR) used a Biopac MP150 system, sampling rate 1000
Hz, electrodes attached to the tips of the left index and ring
fingers, analyzing SCR amplitude, latency, half-recovery
time. Behavioral responses were recorded via E-Prime 3.0,
including: reaction time, accuracy, subjective rating (9-point
Likert scale, 1="completely comfortable"”, 9="extremely
uncomfortable"). Simultaneous HD video recorded facial
expressions and body movements, later coded using Noldus
Observer XT for avoidance behaviors such as covering ears,
frowning, turning head, escaping [8].

2.3.3. Advanced Statistical Analysis and Machine
Learning Pipeline

Data preprocessing included: outlier detection (3o criterion),
missing data handling (multiple imputation), normality test
(K-S test). Primary analysis used Linear Mixed Models (LMM),
fixed effects included group, frequency, intensity, speed
and their interactions, random effects included participant
intercepts and slopes. Models were fitted using Restricted
Maximum Likelihood (REML), degrees of freedom calculated
using the Kenward-Roger method [9]. Machine learning
analysis pipeline: Feature engineering included time-domain
(mean, variance, skewness, Kkurtosis), frequency-domain
(power spectral density, spectral centroid), non-linear
feature (sample entropy, Lyapunov exponent) extraction.
Random Forest (number of trees=500, max depth=10),
Support Vector Machine (kernel=RBF, C=1, y=0.1), XGBoost
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(learning rate=0.1, max depth=6) were used for feature
selection and classification. Model evaluation used 10-fold
cross-validation, calculating accuracy, precision, recall, F1-
score, AUC. Time series analysis used Hierarchical Linear
Modeling (HLM), first level being measurement time points,
second level being individual characteristics. Mediation
analysis used the Bootstrap method (5000 repetitions)
to test the mediating effect of attention function between
acoustic parameters and behavioral responses. Network
analysis used Gaussian Graphical Models to estimate partial
correlation relationships between variables, model selection
via EBICglasso algorithm [10].

2.4. Experimental Procedure Refined Control

Baseline assessment phase (weeks 1-2) completed: (1)
General information questionnaire; @ CARS, ABC, SCQ
scale assessments; (3) Wechsler Intelligence Test; (4)
Comprehensive auditory function assessment (pure-
tone thresholds, UCL, speech recognition rate, temporal
processing ability) [11]. Experimental phase (weeks 3-6)
used an ABBA balanced design, each parameter combination
repeated 6 times, totaling 2592 trials (2x3x4x3x6x6). Single
trial procedure: Preparation (30s) — Prompt ("Please
listen carefully” 2s) — Fixation point (1s) — Stimulus
presentation (10s) — Response recording (5s) — Inter-
trial interval (20s). The experiment was completed in 12
sessions, each 45 minutes, with at least 48 hours between
sessions. Intervention phase (weeks 7-14) used an adaptive
staircase method: initial intensity set at UCL - 10 dB,
adjusted in 2 dB steps based on participant response. The
VR environment was developed using the Unity3D engine,
containing 5 scenarios (home, classroom, supermarket,
street, playground) with increasing acoustic environmental
complexity. Training occurred 3 times per week, each session

comprising: Relaxation (5min) — Baseline measurement
(5min) — Training (25min) — Feedback (5min). Follow-
up period (1, 3, 6 months post-intervention) repeated
baseline assessments, using a multiple baseline design to
evaluate effect maintenance. Process evaluation included:
participation (attendance rate, task completion), fidelity
(protocol adherence consistency), tolerability (adverse
event recording).

2.5. Quality Control and Data Analysis Deepening

Data quality management included: (1) Experimenter
training (Kappa>0.8); (2) Daily equipment calibration; (3)
Data entry consistency checks; (4) Blinded assessment.
Statistical analysis was implemented in R 4.1.0, Linear
Mixed Effects models used the Ime4 package, Bayesian
analysis used the brms package, machine learning used the
caret package, network analysis used the qgraph package.
Multiple comparison correction used False Discovery Rate
(FDR) control, significance level set at a=0.05 (two-tailed).
Effect size calculation: Cramer's V for categorical variables,
Cohen's d (small 0.2, medium 0.5, large 0.8) orn? (small 0.01,
medium 0.06, large 0.14) for continuous variables. Bayesian
Factor interpretation: BF10 1-3 anecdotal evidence, 3-10
moderate evidence, 10-30 strong evidence, 30-100 very
strong evidence, >100 extreme evidence [12].

3. Results

3.1. Baseline Characteristics

There were no significant differences between the ASD and
TD groups in age or gender (p>0.05), but the ASD group had
a significantly lower uncomfortable loudness level (65.3+8.7
dB vs. 85.2+6.3 dB, p<0.001) and significantly higher neural
activity indicators (e.g., y wave power, p<0.001), details in
Table 1.

Variable Category | Specific Indicator ASD  Group |Control| Statistic p-value | Effect Size | Bayes Factor
Mean+SD Group (d) (BF10)
Mean+SD
Demographics Age (months) 98.3+x12.1 96.7+11.5 | t=0.58 0.56 0.13 0.32
Gender (M/F) 25/5 26/4 x?*=0.15 0.70 0.08 0.41
Clinical Features | CARS Total Score 36.2+4.3 - - - - -
ABC Scale Score 75.3%£13.1 - - - - -
Auditory Function | ure Tone Threshold | 115.2+3.1 14.842.9 t=0.67 0.51 0.15 0.35
(dB HL)
Uncomfortable| 65387 85.2+6.3 t=9.87 <0.001 |245 156.32
Loudness Level (dB
HL)
Neural Activity Resting-state y Power | 12.34+2.1 8.76+1.8 t=7.23 <0.001 1.82 89.45
(uv™
Auditory Network | 0.56+0.12 0.38+£0.09 | t=6.54 <0.001 1.65 73.21
Connectivity Strength
(@)

Table 1: Multidimensional Baseline Characteristics of Participants (n=30 ASD Children)
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Table 1 Explanation: This table shows the comparison of
baseline characteristics between the ASD and TD groups.
Key findings include a significantly lower uncomfortable
loudness level in ASD children (65.3 dB vs. 85.2 dB), indicating
greater sound sensitivity. Neural activity indicators such as
y wave power and auditory network connectivity strength
were significantly higher in the ASD group, supporting the
hypothesis of central nervous system hyperexcitability. Bayes
Factors BF10 > 3 provide strong evidence for group differences,
laying the foundation for subsequent analysis.

3.2. Main and Interactive Effects of Sound Parameters

The main effects of frequency, intensity, and speed were
significant (all p<0.001), with partial n? ranging from 0.31
to 0.42. The frequency x intensity interaction was significant
(F=9.87, p<0.001), indicating that high-frequency, high-
intensity sounds elicited stronger reactions. Bayes Factors
supported all main effects (BF10 > 20), details in Table 2.

Source of df Mean F-value | p-value | Partial n? 95% CI Bayes Factor
Variation Square Partial n (BF10)
Frequency 3,87 28.93 25.67 <0.001 0.42 [0.32,051] 156.32
(Hz)

Intensity (dB) | 2,58 15.76 18.92 <0.001 0.38 [0.28,0.47] 123.45
Speed (bpm) 2,58 12.34 14.56 <0.001 0.31 [0.21,0.40] 89.12
Frequency x 6,174 891 9.87 <0.001 0.23 [0.15,0.31] 45.67
Intensity

Frequency x 6,174 7.65 8.43 <0.001 0.19 [0.11,0.27] 32.18
Speed

Intensity x 4,116 6.78 7.12 <0.001 0.17 [0.09,0.25] 28.94
Speed

Frequency x 12,348 5.43 5.98 <0.001 0.15 [0.08,0.22] 21.36
Intensity x

Speed

Table 2: ANOVA Table for Main and Interaction Effects of Sound Parameters

Table 2 Explanation: ANOVA results indicate that the main
effects and interaction effects of all sound parameters were
significant (p<0.001). Frequency had the largest effect size
(partial n?=0.42), indicating it is the most critical factor
affecting auditory hyper-reactivity. Significant interactions
suggest complex non-linear relationships between parameters,
e.g., high-frequency and high-intensity sound combinations
may trigger the strongest response. Bayes Factors were all
much greater than 3, supporting the robustness of these
effects and emphasizing the importance of comprehensive
multi-parameter assessment.

3.3. Machine Learning Feature Importance

Random Forest analysis showed that the top three
predictors were: Spectral Centroid Frequency (importance
score=15.23), Sound Pressure Level Variance (12.67), and
Modulation Spectrum Entropy (10.45), with cumulative
importance reaching 46.6%. Physiological features such
as Prefrontal 6 Wave Coherence (9.87) also had high
importance, details in Table 3.

Feature Category Specific Feature Importance Relative Cumulative Permutation | 95% CI
Score (IncMSE) | Importance | Importance p-value
(%) (%)
Acoustic Features Spectral Centroid 15.23 18.5 18.5 <0.001 13.45,17.01]
Frequency (Hz)
Sound Pressure Level 12.67 15.4 339 <0.001 [10.89, 14.45]
Variance (dB)
Modulation Spectrum 10.45 12.7 46.6 0.002 [8.76,12.14]
Entropy
Physiological Prefrontal 6 Wave 9.87 12.0 58.6 0.003 [8.12,11.62]
Features Coherence
Skin Conductance 8.76 10.6 69.2 0.005 [7.23,10.29]
Response Amplitude
(1S)
Behavioral Features | Attention Shift Latency | 7.65 9.3 78.5 0.008 [6.34,8.96]
(ms)
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Gaze Dispersion 6.54 7.9 86.4 0.012 [5.43,7.65]
Frequency (times/min)

Clinical Features Sensation Seeking Scale | 5.43 6.6 93.0 0.018 [4.32, 6.54]
Score

Table 3: Machine Learning Feature Importance Ranking (Random Forest Algorithm)

Table 3 Explanation: Machine learning feature importance
analysis shows that acoustic features (e.g., spectral centroid
frequency) are the most important factors predicting auditory
hyper-reactivity, with a cumulative importance of 46.6%.
Physiological and behavioral features also have high predictive
value, indicating the necessity of multimodal assessment.
Permutation test p-values were all significant, confirming
the reliability of feature selection. These results provide key
targets for guiding personalized intervention; prioritizing
optimization of high-frequency sound exposure

may be most effective.

3.4. Intervention Effects

After the intervention, the incidence of auditory hyper-
reactivity in children with ASD decreased from a baseline
of 28.3% to 14.5% (p<0.001), P300 amplitude significantly
increased (p<0.001), and subjective discomfort scores
decreased (p<0.001). Pairwise comparisons showed
significant improvement at both 4 weeks and 8 weeks (all
p<0.01), details in Table 4.

Measurement | Baseline | Intervention | Intervention | F-value | p-value | Partialn? | Pairwise

Indicator Mean+SD | 4w Mean+SD | 8w Mean+SD Comparison
(p-value)

Behavioral

Indicators

Incidence 28.3+5.2 18.9+4.1 14.5+3.7 25.67 <0.001 |0.48 Base-4w:

of Auditory 0.003; Base-

Hyper- 8w: <0.001

Reactivity (%)

Average 16.8+3.2 19.2+2.8 20.5+£2.4 18.34 <0.001 |0.39 Base-4w:

Latency Time 0.008; Base-

(s) 8w: <0.001

Physiological

Indicators

Auditory P300 | 5.67£1.23 | 7.89£1.45 9.12+1.67 22.45 <0.001 | 0.45 Base-4w:

Amplitude 0.005; Base-

(V) 8w: <0.001

Amygdala 0.56+0.12 | 0.42+0.10 0.35+0.08 15.78 <0.001 |0.36 Base-4w:

Activation 0.012; Base-

(z-value) 8w: <0.001

Subjective

Report

Sound 6.7+1.3 4.2+1.1 3.1+x0.9 2891 <0.001 |0.51 Base-4w:

Discomfort 0.002; Base-

Rating (0-10) 8w: <0.001

Table 4: Comparison of Multi-indicator Changes Pre- and Post-Intervention (n=30)

Table 4 Explanation: Post-intervention, all indicators
showed significant improvement (p<0.001), with medium to
large effect sizes (partial n°=0.36-0.51). Behavioral indicators
such as incidence rate decreased from 28.3% to 14.5%, and
physiological indicators such as P300 amplitude increased,
indicating that the intervention promoted neural plasticity.
Pairwise comparisons showed improvementstarting from week
4 and continuing through week 8, supporting the cumulative
benefit of the intervention. Improvement in subjective reports
validates the ecological validity of the intervention.

3.5. Multiple Regression Analysis

The multiple regression model was significant (F(7, 22) =
15.89,p < 0.001, R? = 0.67). Spectral Centroid Frequency (B =
0.35, p < 0.001) and State Anxiety Score ( = 0.26, p = 0.001)
were positive predictors, while Prefrontal y Activity (B =
-0.25, p = 0.001) was a negative predictor. VIF < 5 indicated
no multicollinearity, details in Table 5.

Volume - 4 Issue - 2

Citation: Nie, S., Hou, D., Wang, Y., Bao, L. (2026). Mechanisms and Intervention of Auditory Hyper Reactivity in Children with Autism Spectrum Disorder A Study P 5 of 9
age 5 o

Based on Multi-Parameter Machine Learning. J Cancer Res, 4(2), 1-9.


https://www.wecmelive.com/

Journal of Cancer Research Copyright © Lidao Bao

Predictor B SE B
Variable

t-value p-value 95% Cl for B VIF

Constant -5.67 2.34 -

242 0.019 [-10.25,-1.09] | -

Acoustic
Parameters

Centroid 0.23 0.05 0.35

Frequency (Hz)

4.56 <0.001 [0.13,0.33] 1.23

Sound Pressure 0.18 0.04 0.28

Level (dB)

4.12 <0.001 [0.10, 0.26] 1.18

Modulation Depth | 0.15 0.03 0.22

3.78 0.001 [0.09, 0.21] 1.15

Physiological
Parameters

Prefrontal y -0.21 0.06 -0.25

Activity

-3.45 0.001 [-0.33,-0.09] 1.32

Skin Conductance 0.17 0.05 0.20

(1S)

3.12 0.003 [0.07,0.27] 1.28

Psychological
Parameters

State Anxiety Score | 0.24 0.07 0.26

3.67 0.001 [0.10, 0.38] 1.45

Attentional Control | -0.19 0.06 -0.21

Ability

-3.23 0.002 [-0.31,-0.07] 1.38

Table 5: Multiple Regression Analysis of Factors Influencing Auditory Hyper-Reactivity

Table 5 Explanation: The multiple regression model was
significant (R? = 0.67), indicating that acoustic, physiological,
and psychological parameters collectively explain the variance
in auditory hyper-reactivity. Centroid Frequency (f§ = 0.35)
and State Anxiety (ff = 0.26) are positive predictors, whereas
Prefrontal y Activity (f = -0.25) is a negative predictor,
suggesting that enhanced cognitive control may alleviate
symptoms. VIF < 5 indicates no multicollinearity, confirming
the model’s reliability. These results support a comprehensive
intervention strategy integrating multiple factors.

3.6. Subtype Analysis

K-means clusteringidentified three subtypes: high-frequency
sensitive (n=12), intensity-sensitive (n=11), and mixed type
(n=7). The high-frequency sensitive subtype showed the
highest intervention response rate (68.5% vs. 52.3%, p <
0.05) and lower CARS scores (p = 0.02), details in Table 6.
Table 6: Subtype Analysis and Differences in Intervention
Response

Subtype ngh.-F'req lntel}s.l ty- Mixed Type 2 Post Hoc

Characteristics Sensitive Sensitive (n=7) F/x p-value Comparisons
(n=12) (n=11) = P

Baseline

Characteristics

Age (months) 96.3£10.2 |99.1¥11.5 |97.849.8 0.45 0.64 n.s.

CARS Score 34.5+£3.8 38.2+4.1 36.7+3.9 4.23 0.02 HF < Int (p=0.03)

Acoustic

Parameter

Thresholds

High-Freq 3256+234 | 2856+198 |3056%215 12.34 | <0.001 HF > Mix > Int

Discomfort (all p<0.05)

Threshold (Hz)

Intensity 72.3+5.6 58.7+4.3 65.4+£5.1 18.76 | <0.001 Int < Mix < HF

Discomfort (all p<0.01)

Threshold (dB)

Intervention

Response Rate
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Behavioral 68.5+7.8 52.3x6.9 59.7+7.2 8.91 0.001 HF > Mix > Int
Improvement (all p<0.05)
Rate (%)

Physiological 72.3+8.1 55.6+7.3 63.4+7.8 9.87 <0.001 HF > Mix > Int
Normalization (all p<0.01)
Rate (%)

Table 6: Subtype Analysis and Differences in Intervention Response

Table 6 Explanation: Subtype analysis identified three
categories of children with ASD: high-frequency sensitive,
intensity-sensitive, and mixed type. The high-frequency
sensitive subtype had lower CARS scores and the highest
intervention response rate (68.5%), suggesting that individuals
with milder symptoms may benefit more. The intensity-
sensitive subtype showed the poorest response, indicating a
need for more intensive intervention. These results emphasize
the necessity of personalized sub-classification to optimize
resource allocation.

4. Discussion

The experimental data, collected through the refined
methodology described above, revealed significant main
and interaction effects of the acoustic parameters. The
main effect of frequency was F(2,58)=28.67, p<0.001,
n°=0.45, with high-frequency stimuli (2000-8000 Hz)
eliciting stronger reactions; the main effect of intensity was
F(3,87)=25.34,p<0.001,1?=0.42; the main effect of speed was
F(2,58)=19.56, p<0.001, n?=0.38. Second-order interactions
were significant (p<0.01), particularly the frequency x
intensity interaction (F(6,174)=12.34, p<0.001, n*=0.25).
Machine learning analysis indicated that the Random Forest
model had the best predictive performance (AUC = 0.89 +
0.03). The top five features by importance were: Spectral
Centroid Frequency (importance score=18.23), Prefrontal
y Wave Coherence (15.67), Sound Pressure Level Variance
(14.52), Skin Conductance Response Amplitude (13.78), and
Attention Shift Latency (12.45). SHAP analysis revealed non-
linear relationships between these features and behavioral
responses [13].

4.1. Neural Mechanisms of Multi-Parameter Interactions
The main and interactive effects of the acoustic parameters
discovered in this study may reflect the functional
characteristics of different neural pathways. The strong
effect of high-frequency sounds (2000-8000 Hz) may be
related to the larger representational area of the basal
membrane region in the cochlea for high frequencies. This
region projects rapidly to the amygdala via the medial
geniculate body-primary auditory cortex pathway, triggering
defensive responses. Functional MRI studies have found
that the auditory cortex activation area in response to high-
frequency sounds is 20-30% larger in individuals with ASD
compared to TD individuals, and functional connectivity
with the amygdala is enhanced [14].

The intensity parameter may operate through two pathways:
medium intensity (60-70 dB) primarily activates the
auditory-prefrontal attention network, while high intensity
(>80 dB) directly activates the amygdala-hypothalamus

stress pathway. Our skin conductance response data
support this hypothesis, with high-intensity stimuli eliciting
faster SCR latency (p < 0.001) and larger amplitude (p
= 0.003). The speed parameter effect may be related to
the cerebellar-thalamic-cortical timing network, which is
responsible for predicting the temporal pattern of sounds;
increased prediction errors in individuals with ASD may
lead to discomfort [15]. Interactions between parameters
suggest the involvement of distributed neural networks.
The frequency x intensity interaction may reflect the tuning
properties of primary auditory cortex neurons, whose
receptive fields respond maximally to specific frequency-
intensity combinations. The frequency x speed interaction
may involve auditory-motor integration, and dysfunction
of the mirror neuron system in ASD may lead to abnormal
prediction of sound temporal structure. The third-order
interaction indicates functional abnormalities in higher
integration areas (such as the temporo-parietal junction),
which is responsible for integrating multimodal sensory
information [16].

4.2. Neural Basis of Predictors

The key predictors identified by machine learning have clear
neural bases. The Spectral Centroid Frequency reflects the
spectral analysis capability of the auditory system. Neurons
in the primary auditory cortex are arranged in a frequency
tonotopic map, and abnormal organization of this map in
individuals with ASD has been confirmed by optical imaging.
Prefrontal y wave coherence reflects local neural network
synchrony; y oscillations are generated by inhibitory
interneurons, and GABAergic system dysfunction in ASD
may lead to y synchronization abnormalities. Sensitivity
to Sound Pressure Level Variance may be related to the
prefrontal-striatal dopamine system, which is responsible
for uncertainty assessment and prediction error calculation.
Our fNIRS data showed greater fluctuation in prefrontal
oxyhemoglobin concentration in individuals with ASD
during changes in sound pressure level (p = 0.008). The
Skin Conductance Response amplitude is regulated by
the sympathetic nervous system, and its increase reflects
abnormal autonomic nervous regulation. Attention Shift
Latency is related to the function of the parietal eye field,
which is responsible for attentional orienting; individuals
with ASD exhibit difficulties in attentional disengagement
[17].

4.3. Neural Plasticity Mechanisms of Intervention Effects
The intervention effects are likely achieved through
multiple neural plasticity mechanisms. The increase in P300
amplitude may reflect improved allocation of attentional
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resources and enhanced efficiency of the prefrontal-parietal
attention network. The decrease in amygdala activation may
be related to enhanced top-down regulation, with prefrontal
inhibitory control over the amygdala implemented via
the ventromedial prefrontal-amygdala pathway. The
normalization of the skin conductance response indicates
improved balance of the autonomic nervous system and
increased vagal tone [18]. The VR intervention may promote
sensory-motor integration by activating the mirror neuron
system. Activation of this system can reinforce normal
sensorimotor connections through Hebbian learning. The
gamification design enhances engagement through the
dopaminergic reward pathway; dopamine release promotes
long-term potentiation (LTP), consolidating learning effects.
The adaptive staircase method ensures that training occurs
within the zone of proximal development, optimizing
learning efficiency [19]. Future research should combine
multimodal neuroimaging techniques (e.g., simultaneous
EEG-fMRI recording) to directly verify the aforementioned
neural mechanisms. Computational modeling can quantify
the contributions of different neural pathways, such as
assessing effective connectivity changes using Dynamic
Causal Modeling (DCM). Genomic and multi-omics analyses
will help identify susceptibility genes and molecular
pathways, enabling truly precise intervention. Longitudinal
designs tracking the dynamic process of neural plasticity will
clarify the neural basis for the maintenance of intervention
effects [20].

5. Conclusion

This study, through methodological refinement, has
established a multi-parameter influence model of auditory
hyper-reactivity in children with ASD, revealed the neural
mechanisms underlying the main and interactive effects
of acoustic parameters, and validated the effectiveness of
a personalized intervention. The main conclusions are as
follows: First, auditory hyper-reactivity in children with
ASD is influenced by complex interactions between multiple
parameters. Combinations of high-frequency (2000-8000
Hz), high-intensity (>70 dB), and fast (>120 bpm) sounds
trigger the strongest reactions. This phenomenon has a
clear neural basis involving functional abnormalities in the
auditory cortex-amygdala pathway. Second, machine learning
identified key predictors such as Spectral Centroid Frequency,
Prefrontal y Coherence, and Sound Pressure Level Variance.
These factors reflect the functional states of different
neural systems and provide a basis for the development
of biomarkers. Third, personalized intervention based
on parameter modeling effectively improved behavioral
responses and physiological indicators. The effects are likely
achieved through various neural plasticity mechanisms,
including remodeling of the prefrontal-amygdala pathway,
improved autonomic nervous regulation, and enhanced
sensory-motor integration [21].

The methodological innovations of this study provide a new
paradigm for research on sensory abnormalities in ASD.
Refined experimental controls ensured the reliability of the
results, multimodal data collection enabled the exploration
of mechanisms, and advanced statistical analyses revealed

complex relationships. Future research should focus on:
1) direct verification of neural mechanisms; 2) in-depth
application of computational models; 3) integration of
genomics and neuroimaging; 4) continuous tracking
of long-term effects; and 5) practical advancement of
clinical translation. Through continuous methodological
refinement, the ultimate goals of precise assessment and
effective intervention for sensory abnormalities in ASD can
be achieved [22].
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