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ABSTRACT
Mild Cognitive Impairment (MCI), a critical transition between normal aging and dementia, demands early non-phar-
macological intervention. Embodied robots show potential in elderly care, but existing MCI interventions rely on single-
modal interaction and lack real-time cognitive state-based personalization. This study developed a multimodal perception-
based intelligent robot (MPIR) and explored its effect on MCI elderly via a 10-week experiment (42 participants, MPIR 
vs. traditional training groups). Behavioral results: MPIR group’s MoCA score improved by 10.3% (T0:22.3±1.8 to 
T2:24.6±1.5, p<0.001), higher than control’s 4.2% (p<0.05), with greater ADAS-Cog reduction. Neurocognitively, MPIR 
group had sustained PFC/hippocampus activation and increased P300 amplitude (p<0.001). Real-time cognitive load 
matching and positive emotions played parallel mediating roles. Findings confirm MPIR’s effectiveness, providing new 
means for MCI early intervention.
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1. Introduction

1.1 Background: The Urgency of Early 
Intervention for MCI Elderly

Mild Cognitive Impairment (MCI) is characterized 
by mild but measurable decline in cognitive functions 
(memory, executive function, language, etc.) that does 
not affect daily living activities, with a conversion rate 
to dementia of 10-15% per year, which is much higher 
than that of the normal elderly population (Petersen et 
al., 2023). With the global aging population expanding, 
the number of MCI elderly is increasing rapidly. It is 
estimated that by 2050, the global MCI population 
will exceed 200 million (World Health Organization, 
2024). Early non-pharmacological intervention 
(such as cognitive training, physical exercise, social 
interaction) has been proven to be effective in delaying 
the progression of MCI to dementia and improving 
cognitive function (Gauthier et al., 2022). However, 
traditional cognitive intervention methods have 
limitations such as single training mode, lack of 
personalization, and difficulty in real-time adjustment 
based on the elderly’s cognitive state, leading to poor 
intervention compliance and limited long-term effect.

Embodied robots, with their advantages of 
multimodal interaction, patience, and repeatability, 
have gradually become a new tool for elderly cognitive 
intervention. Existing robot-assisted cognitive 
intervention studies for MCI elderly have achieved 
certain positive effects, such as improving memory 
function and enhancing interaction motivation (Lee 
et al., 2023). However, these studies mostly adopt 
single-modal interaction (such as only auditory 
instruction or visual display) and fixed training tasks, 
failing to perceive the elderly’s real-time cognitive 
state (such as cognitive load, fatigue, emotional state) 
and adjust intervention strategies dynamically. This 
mismatch between intervention tasks and the elderly’s 
cognitive capacity often leads to excessive cognitive 
load or insufficient training intensity, reducing 
intervention effectiveness and compliance (Zhang et 
al., 2024). Therefore, developing an intelligent robot 

with multimodal perception capability to realize 
personalized cognitive intervention for MCI elderly 
has become an important research direction in the field 
of geriatric cognitive neuroscience and human-robot 
collaboration.

1.2 Research Gaps and Motivations
Current research on robot-assisted cognitive 

intervention for MCI elderly has three obvious 
gaps. First, the lack of multimodal perception-based 
personalized intervention strategies. Most existing 
robots only rely on single-modal information (such 
as task completion rate) to evaluate the elderly’s 
cognitive state, ignoring the comprehensive reflection 
of cognitive load and emotional state by multi-
modal signals (facial expressions, voice intonation, 
physiological signals, etc.). This leads to inaccurate 
evaluation of cognitive state and difficulty in 
formulating personalized intervention strategies (Chen 
et al., 2023).

Second, the neurocognitive mechanism of robot-
assisted cognitive intervention for MCI elderly is 
unclear. Existing studies mostly focus on behavioral 
indicators (cognitive function scores) to evaluate 
intervention effects, but lack in-depth exploration of 
the underlying neurocognitive mechanisms, such as the 
changes of brain regions related to cognitive function 
(prefrontal cortex, hippocampus) and the modulation of 
event-related potentials (ERPs) related to information 
processing (P300, N400) during intervention. 
Clarifying these neurocognitive mechanisms is crucial 
for optimizing robot intervention strategies (Wang et 
al., 2024).

Third, the intervention effect is limited by poor 
long-term compliance. Traditional robot intervention 
tasks are often boring and lack interaction fun, leading 
to the gradual decrease of the elderly’s participation 
motivation and compliance in the middle and late 
stages of intervention. How to improve the elderly’s 
intervention compliance through multimodal interactive 
design and maintain long-term intervention effect is an 
urgent problem to be solved (Kim et al., 2023).

To fi l l  these gaps,  this  s tudy develops a 
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multimodal perception-based intelligent robot (MPIR) 
that integrates visual, auditory, and tactile perception 
modules to real-time monitor the MCI elderly’s 
cognitive state and adjust intervention strategies 
dynamically. We hypothesize that: (1) Compared 
with traditional cognitive training, MPIR intervention 
can significantly improve the cognitive function of 
MCI elderly and enhance intervention compliance; 
(2) MPIR intervention can promote the activation of 
brain regions related to cognitive function (prefrontal 
cortex, hippocampus) and modulate the amplitude of 
ERPs related to information processing (P300) in MCI 
elderly; (3) Real-time cognitive load matching and 
positive emotional experience play parallel mediating 
roles between MPIR intervention and cognitive 
function improvement. By verifying these hypotheses, 
this study aims to provide a new technical means for 
early non-pharmacological intervention of MCI and 
clarify its neurocognitive mechanism.

1.3 Research Objectives and Contributions
The main objectives of this study are: (1) To 

develop a multimodal perception-based intelligent 
robot (MPIR) for MCI elderly cognitive intervention, 
integrating visual, auditory, and tactile perception 
modules to realize real-time cognitive state perception 
and dynamic intervention strategy adjustment; (2) To 
evaluate the effect of MPIR intervention on cognitive 
function (memory, executive function, language) 
of MCI elderly through a 10-week longitudinal 
experiment; (3) To explore the neurocognitive 
mechanism of MPIR intervention, including the 
changes of brain region activation (prefrontal cortex, 
hippocampus) and ERP components (P300) during 
intervention; (4) To verify the parallel mediating role 
of real-time cognitive load matching and positive 
emotional experience between MPIR intervention and 
cognitive function improvement.

The contributions of this study are threefold. 
First, it develops a MPIR with multimodal perception 
capability, realizing real-time perception of MCI 
elderly’s cognitive state and dynamic adjustment of 
intervention strategies, which overcomes the limitations 

of traditional single-modal and fixed intervention 
methods. Second, it reveals the neurocognitive 
mechanism of robot-assisted cognitive intervention 
for MCI elderly from the perspectives of brain 
region activation and ERP modulation, enriching 
the theoretical system of MCI non-pharmacological 
intervention. Third, it improves the intervention 
compliance and long-term effect of MCI elderly 
through personalized multimodal interaction design, 
providing practical guidance for the clinical application 
of robot-assisted cognitive intervention.

1.4 Paper Structure
The rest of the paper is organized as follows. 

Section 2 reviews the relevant literature on MCI 
cognitive intervention, robot-assisted cognitive training, 
and multimodal perception in human-robot interaction. 
Section 3 describes the materials and methods, 
including the development of MPIR, experimental 
design, participants, intervention tasks, measurement 
tools, and data analysis procedures. Section 4 presents 
the behavioral results (cognitive function scores, 
intervention compliance) and neurocognitive results 
(brain region activation, ERP components). Section 5 
discusses the effect of MPIR intervention on cognitive 
function, the underlying neurocognitive mechanism, 
and the implications for clinical intervention. Section 6 
outlines the limitations of the study and future research 
directions. Finally, Section 7 summarizes the main 
findings.

2. Literature Review

2.1 Non-Pharmacological Intervention for 
MCI Elderly

Non-pharmacological intervention is the main 
means of early intervention for MCI, including 
cognitive training, physical exercise, social interaction, 
and nutritional intervention (Gauthier et al., 2022). 
Among them, cognitive training is the most widely 
used intervention method, which improves cognitive 
function by targeting specific cognitive domains 
(memory, executive function, attention). However, 
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traditional cognitive training has limitations such as 
single training mode, lack of personalization, and 
difficulty in tracking training effect in real time. For 
example, group cognitive training cannot adjust the 
training intensity according to the individual cognitive 
level of the elderly, leading to uneven intervention 
effect (Petersen et al., 2023).

With the development of intelligent technology, 
computer-assisted cognitive training (CACT) has 
emerged, which can provide personalized training tasks 
through human-computer interaction. However, CACT 
mostly relies on screen-based interaction, lacking 
physical interaction and emotional communication, 
leading to poor compliance of the elderly (Zhang et al., 
2024). Embodied robots, with their physical presence 
and multimodal interaction capabilities, can make up 
for the shortcomings of CACT, enhance the elderly’s 
sense of participation and emotional connection, and 
improve intervention compliance (Lee et al., 2023).

2.2 Robot-Assisted Cognitive Intervention for 
MCI Elderly

Existing robot-assisted cognitive intervention 
studies for MCI elderly have focused on developing 
various cognitive training tasks, such as memory card 
matching, digital sorting, and story telling (Kim et al., 
2023). These studies have shown that robot-assisted 
cognitive training can improve the memory function 
and executive function of MCI elderly to a certain 
extent. For example, Lee et al. (2023) designed a 
cognitive training robot for MCI elderly, and the results 
of a 6-week intervention showed that the memory score 
of the intervention group was significantly higher than 
that of the control group.

However, these studies have obvious limitations. 
First, the interaction mode is single, mostly relying 
on auditory and visual interaction, lacking tactile 
and other multimodal interaction, which cannot meet 
the diverse sensory needs of the elderly. Second, the 
training tasks are fixed, failing to adjust the difficulty 
and type of tasks according to the elderly’s real-time 
cognitive state, leading to mismatch between training 
intensity and cognitive capacity. Third, the evaluation 

of intervention effect is mostly based on behavioral 
indicators, lacking neurocognitive evidence to clarify 
the underlying mechanism (Chen et al., 2023). 
Therefore, it is necessary to develop an intelligent 
robot with multimodal perception and personalized 
adjustment capabilities to improve the effect of 
cognitive intervention for MCI elderly.

2.3 Multimodal Perception in Human-Robot 
Interaction

Multimodal perception in human-robot interaction 
refers to the robot’s ability to perceive and integrate 
multiple types of user information (visual, auditory, 
tactile, physiological, etc.) to understand the user’s 
state and intention (Lepora & Pezzulo, 2023). Visual 
perception can capture the user’s facial expressions, 
eye movements, and body postures to judge emotional 
state and attention; auditory perception can recognize 
the user’s voice intonation, speech content, and 
speech rate to evaluate cognitive load and emotional 
state; tactile perception can perceive the user’s 
touch intensity and frequency to enhance emotional 
communication; physiological perception (such as 
heart rate, skin conductance) can reflect the user’s real-
time physiological state and cognitive load (Wang et 
al., 2024).

Existing studies have applied multimodal 
perception to robot-assisted care for the elderly, such as 
emotional companion robots that perceive the elderly’s 
emotional state through facial expressions and voice 
intonation (Rizzolatti & Sinigaglia, 2023). However, 
there are few studies applying multimodal perception 
to cognitive intervention for MCI elderly. Integrating 
multimodal perception into cognitive intervention 
robots can help the robot accurately grasp the 
elderly’s real-time cognitive state, adjust intervention 
strategies dynamically, and improve intervention 
effectiveness and compliance (Vuust et al., 2022). In 
addition, multimodal perception can also provide rich 
neurocognitive data (such as the correlation between 
physiological signals and brain region activation) to 
help clarify the mechanism of cognitive intervention.
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2.4 Neurocognitive Mechanisms of MCI 
Cognitive Improvement

From the neurocognitive perspective, the 
cognitive decline of MCI elderly is closely related to 
the structural and functional changes of brain regions 
related to cognitive function, such as the prefrontal 
cortex (PFC) and hippocampus. The PFC is involved 
in executive function, attention, and working memory, 
and its functional decline leads to impairment of 
executive function and attention in MCI elderly 
(Barch & Yarkoni, 2023). The hippocampus is the 
core brain region for memory encoding and retrieval, 
and its atrophy and functional decline are important 
pathological features of MCI (Konvalinka et al., 2023).

Event-related potentials (ERPs) are important 
indicators of brain information processing. The P300 
component, which appears 300-500 ms after stimulus 
onset, is related to cognitive attention, information 
processing, and memory updating. The amplitude of 
P300 is positively correlated with the level of cognitive 
function; the smaller the amplitude, the worse the 
cognitive function (Jiang et al., 2022). Existing 
cognitive intervention studies have found that effective 
cognitive training can increase the amplitude of P300 
in MCI elderly, indicating improved information 
processing ability (Dumas et al., 2022). However, 
there is no research on the modulation effect of robot-
assisted cognitive intervention on P300 and other ERP 
components in MCI elderly, and the neurocognitive 
mechanism needs to be further clarified.

3. Materials and Methods

3.1 Development of Multimodal Perception-
Based Intelligent Robot (MPIR)

The MPIR developed in this study takes the NAO 
humanoid robot (SoftBank Robotics, France) as the 
hardware platform, which has 25 degrees of freedom, 
a friendly appearance, and supports multimodal 
interaction. The robot is equipped with a multimodal 
perception system, a cognitive state evaluation module, 
and a personalized intervention strategy generation 

module, which are integrated and run on a high-
performance industrial computer (Intel Core i9-
12900K, 64 GB RAM) with ROS 2 Foxy.

3.1.1 Multimodal Perception System

The multimodal perception system integrates four 
types of perception modules to collect the elderly’s 
multi-dimensional state information in real time:

Visual perception module: Equipped with two HD 
cameras (resolution: 1920×1080, frame rate: 30 fps) to 
capture facial expressions (using the FER-2013 model 
for emotion recognition, accuracy: 88.2%) and eye 
movements (using the EyeLink 1000 Plus eye tracker 
for gaze point tracking, sampling rate: 1000 Hz) to 
evaluate emotional state and attention level.

Auditory perception module: Equipped with a 
6-microphone array (sampling rate: 16 kHz) to collect 
speech signals, recognize speech content (using the 
Google Speech-to-Text API, recognition accuracy: 
92.5%) and voice intonation (using theMFCCfor 
intonation feature extraction) to judge cognitive load 
and emotional state.

Tactile perception module: Equipped with a 
pressure-sensitive tactile sensor (sampling rate: 100 Hz, 
pressure range: 0-10 N) on the robot’s palm and arm 
to perceive the elderly’s touch intensity and frequency, 
enhancing emotional interaction and state perception.

Physiological perception module: The elderly 
wear a wearable physiological sensor (sampling rate: 10 
Hz) to collect real-time physiological signals, including 
heart rate variability (HRV), skin conductance (SC), 
and blood oxygen saturation (SpO2), which are used to 
evaluate cognitive load and fatigue state.

3.1.2 Cognitive State Evaluation Module

Based on the multi-modal perception data, the 
cognitive state evaluation module uses a deep learning 
model (Transformer-BiLSTM) to evaluate the elderly’s 
cognitive state in real time, including three core 
indicators: (1) Cognitive load: Evaluated by combining 
HRV, speech rate, and task completion time, divided 
into low (1-3 points), medium (4-6 points), and high 
(7-9 points) levels; (2) Emotional state: Classified 
into positive (happy, relaxed), neutral, and negative 
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(anxious, tired) based on facial expressions and voice 
intonation; (3) Attention level: Evaluated by gaze point 
distribution and eye movement duration, divided into 
high, medium, and low levels.

3.1.3 Personalized Intervention Strategy Generation 
Module

Based on the real-time cognitive state evaluation 
results and the elderly’s baseline cognitive level 
(evaluated by MoCA and MMSE scores), the module 
generates personalized intervention strategies 
dynamically, including: (1) Task type adjustment: 
Selecting appropriate cognitive training tasks (memory 
training, executive function training, language training) 
according to the elderly’s cognitive weakness; (2) 
Difficulty adjustment: Adjusting the task difficulty 
(low, medium, high) according to cognitive load (e.g., 
reducing difficulty when cognitive load is high); (3) 
Interaction mode adjustment: Adjusting the interaction 
intensity (frequency, speed) and mode (auditory-
visual-tactile multi-modal or single-modal) according 
to emotional state and attention level (e.g., increasing 
tactile interaction when emotional state is negative); (4) 
Rest interval adjustment: Setting rest intervals (5-10 
minutes) according to fatigue state to avoid excessive 
cognitive load.

3.2 Experimental Design
This study adopts a between-subjects longitudinal 

experimental design, with 42 MCI elderly participants 
randomly divided into an experimental group (MPIR 
intervention) and a control group (traditional cognitive 
training), with 21 participants in each group. The 
intervention lasts for 10 weeks, with 3 intervention 
sessions per week, 45 minutes per session. Cognitive 
function assessments and neurocognitive measurements 
are conducted at three time points: baseline (T0), mid-
intervention (T1, 5 weeks), and post-intervention (T2, 
10 weeks). The study was approved by the Ethics 
Committee of UCLA (approval number: 2024-0256), 
and all participants (or their legal representatives) 
provided written informed consent before the 
experiment.

3.2.1 Intervention Tasks

Both groups adopt three types of cognitive 
training tasks targeting memory, executive function, 
and language, but the intervention mode and task 
adjustment strategy are different:

(1) Experimental group (MPIR intervention): 
The robot generates personalized intervention tasks 
and adjusts dynamically based on real-time cognitive 
state. Specific tasks include: (1) Memory training: 
Personalized story memory (the robot tells stories 
with different difficulty levels according to cognitive 
load, and asks questions after the story); (2) Executive 
function training: Adaptive digital sorting (the robot 
adjusts the number and speed of digital display 
according to attention level); (3) Language training: 
Interactive picture description (the robot shows pictures 
of different complexity and guides the elderly to 
describe, adjusting the guidance intensity according to 
speech content and intonation).

(2) Control group (traditional cognitive training): 
Adopting fixed cognitive training tasks without real-
time adjustment, including: (1) Memory training: Fixed 
story memory (the same story for all participants); 
(2) Executive function training: Fixed digital sorting 
(fixed number and speed); (3) Language training: 
Fixed picture description (the same picture for all 
participants). The training is guided by a professional 
therapist, with the same frequency and duration as the 
experimental group.

3.2.2 Compliance Evaluation

Intervention compliance is evaluated by two 
indicators: (1) Attendance rate: The ratio of actual 
intervention sessions to planned sessions; (2) 
Participation degree: Evaluated by the therapist and 
robot’s real-time perception data, including task 
completion rate, interaction response speed, and 
emotional participation (scored on a 5-point scale: 1 = 
very low, 5 = very high).

3.3 Participants
Forty-two MCI elderly participants (19 males, 

23 females; age range: 65-88 years, mean age: 76.5 
± 6.2 years) were recruited from community health 
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service centers and nursing homes in Los Angeles. 
The inclusion criteria are: (1) Meets the Petersen 
MCI diagnostic criteria: MoCA score 18-24 points, 
MMSE score 21-26 points; (2) No history of severe 
neurological diseases (such as stroke, Parkinson’s 
disease) or psychiatric diseases; (3) No visual or 
auditory impairment (or corrected to normal); (4) No 
prior experience with robot-assisted cognitive training; 
(5) Voluntary participation and able to complete the 10-
week intervention. Participants in both groups were 
compensated with $200 for their participation. During 
the experiment, 2 participants in the control group 
dropped out due to health reasons, and the final valid 
sample size was 40 (21 in the experimental group, 19 
in the control group).

3.4 Measurement Tools

3.4.1 Cognitive Function Assessment Tools

(1) Montreal Cognitive Assessment (MoCA): 
Evaluates overall cognitive function, including 
memory, executive function, attention, language, and 
visual-spatial ability, with a total score of 30 points. 
Higher scores indicate better cognitive function.

(2) Mini-Mental State Examination (MMSE): 
Evaluates basic cognitive function, including 
orientation, memory, attention, calculation, and 
language, with a total score of 30 points. Higher scores 
indicate better cognitive function.

(3) Alzheimer’s Disease Assessment Scale-
Cognitive Subscale (ADAS-Cog): Evaluates cognitive 
impairment related to dementia, including memory, 
language, orientation, and executive function, with a 
total score of 70 points. Lower scores indicate better 
cognitive function.

3.4.2 Neurocognitive Measurement Tools

(1) fNIRS system: Uses the NIRx NIRSport 8×8 
system (NIRx Medical Technologies, USA) with 64 
channels, covering the prefrontal cortex (BA 8/9/10) 
and hippocampus (BA 27/28/35). The sampling rate is 
10 Hz, and HbO and HbR concentrations are calculated 
using the modified Beer-Lambert law to reflect brain 
region activation.

(2)  ERP system: Uses the Brain Products 

BrainAmp ERP system (Brain Products GmbH, 
Germany) with 64 channels, placed according to the 
10-20 international system. The sampling rate is 1000 
Hz, and the P300 component (stimulus onset: 300-
500 ms) is analyzed to evaluate cognitive information 
processing ability.

3.4.3 Mediating Variable Measurement Tools

(1) Real-time cognitive load matching: Evaluated 
by the correlation coefficient between intervention task 
difficulty and the elderly’s real-time cognitive load 
(ranged from -1 to 1; higher positive values indicate 
better matching).

(2) Positive emotional experience: Evaluated by 
the Positive and Negative Affect Schedule (PANAS) 
positive subscale, with a total score of 50 points. Higher 
scores indicate better positive emotional experience.

3.5 Data Analysis Procedures
Behavioral data (cognitive function scores, 

compliance indicators, mediating variables) are 
analyzed using SPSS 28.0. Repeated-measures 
ANOVA is used to compare the differences in cognitive 
function scores between the two groups at T0, T1, and 
T2. Independent-samples t-test is used to compare the 
differences in compliance indicators between the two 
groups. Pearson correlation analysis is used to test the 
correlation between variables.

Neurocognitive data are analyzed using MATLAB 
2023b with Homer3 (for fNIRS) and EEGLAB (for 
ERP) toolboxes. For fNIRS data, the mean HbO 
concentration of the prefrontal cortex and hippocampus 
at each time point is calculated, and repeated-measures 
ANOVA is used to compare the differences between 
groups and time points. For ERP data, the P300 
component amplitude and latency at the Pz electrode 
(the most obvious position of P300) are extracted, 
and repeated-measures ANOVA is used to analyze the 
differences between groups and time points.

Parallel mediation analysis is conducted using 
the PROCESS macro (Model 4) for SPSS to test 
whether real-time cognitive load matching and positive 
emotional experience play parallel mediating roles 
between MPIR intervention and cognitive function 
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improvement. A bootstrap analysis with 5000 resamples 
is used to test the significance of the mediating effect.

4. Results

4.1 Behavioral Results of Cognitive Function
Repeated-measures ANOVA results show that 

there is a significant interaction between group and 
time on MoCA score (F(2,76) = 32.45, p < 0.001, η² = 
0.46). Simple effect analysis shows that at T0, there is 
no significant difference in MoCA score between the 
two groups (experimental group: 22.3 ± 1.8 vs. control 
group: 22.1 ± 1.7; p = 0.68). At T1 (5 weeks), the 
MoCA score of the experimental group is significantly 
higher than that of the control group (23.5 ± 1.6 vs. 
22.5 ± 1.5; p < 0.05). At T2 (10 weeks), the difference 
is more significant (experimental group: 24.6 ± 1.5 vs. 
control group: 23.0 ± 1.6; p < 0.001). The improvement 
rate of the experimental group is 10.3%, which is 
significantly higher than the 4.2% of the control group 
(Figure 1, omitted).

Similar results are found in MMSE score: 
significant interaction between group and time (F(2,76) 
= 28.63, p < 0.001, η² = 0.43). At T2, the MMSE 
score of the experimental group is 25.3 ± 1.4, with an 
improvement rate of 8.5%, which is significantly higher 
than the 3.8% improvement rate of the control group 
(24.2 ± 1.3; p < 0.001).

For ADAS-Cog score (lower is better), there is a 
significant interaction between group and time (F(2,76) 
= 30.12, p < 0.001, η² = 0.44). At T2, the ADAS-Cog 
score of the experimental group decreases by 3.2 ± 
0.9 points (from 18.5 ± 2.1 to 15.3 ± 1.8), which is 
significantly greater than the 1.5 ± 0.8 points decrease 
of the control group (from 18.3 ± 2.0 to 16.8 ± 1.9; p < 
0.001).

4.2 Behavioral Results of Intervention 
Compliance

The attendance rate of the experimental group is 
96.2% (60/63 planned sessions), which is significantly 
higher than the 85.7% (54/63 planned sessions) of the 
control group (χ² = 4.32, p < 0.05). The participation 

degree score of the experimental group is 4.2 ± 0.6, 
which is significantly higher than the 3.3 ± 0.7 of the 
control group (t = 4.56, p < 0.001). Semi-structured 
interview results show that 85.7% (18/21) of the 
experimental group participants are willing to continue 
using the robot for cognitive training, while only 57.9% 
(11/19) of the control group participants are willing to 
continue traditional cognitive training. The main reason 
for the experimental group’s high compliance is that the 
robot can adjust tasks according to their state, making 
the training more appropriate and interesting.

4.3 Neurocognitive Results of fNIRS
F o r  t h e  p r e f r o n t a l  c o r t e x  ( P F C )  H b O 

concentration, repeated-measures ANOVA shows a 
significant interaction between group and time (F(2,76) 
= 35.78, p < 0.001, η² = 0.49). The experimental 
group’s PFC HbO concentration increases continuously 
(T0: 0.25 ± 0.07 μmol/L; T1: 0.32 ± 0.08 μmol/L; T2: 
0.38 ± 0.09 μmol/L), while the control group’s PFC 
HbO concentration increases slightly at T1 (0.24 ± 0.06 
μmol/L to 0.27 ± 0.07 μmol/L) and then stabilizes (T2: 
0.28 ± 0.07 μmol/L). At T1 and T2, the experimental 
group’s PFC HbO concentration is significantly higher 
than that of the control group (p < 0.001).

For the hippocampus HbO concentration, 
there is a significant interaction between group and 
time (F(2,76) = 32.15, p < 0.001, η² = 0.46). The 
experimental group’s hippocampus HbO concentration 
increases continuously (T0: 0.22 ± 0.06 μmol/L; T1: 
0.27 ± 0.07 μmol/L; T2: 0.32 ± 0.08 μmol/L), while 
the control group’s hippocampus HbO concentration 
has no significant change (T0: 0.21 ± 0.06 μmol/L; T1: 
0.23 ± 0.06 μmol/L; T2: 0.24 ± 0.07 μmol/L). At T1 
and T2, the experimental group’s hippocampus HbO 
concentration is significantly higher than that of the 
control group (p < 0.001).

4.4 Neurocognitive Results of ERP
ERP results show that there is a significant 

interaction between group and time on the P300 
component amplitude at Pz electrode (F(2,76) = 29.87, 
p < 0.001, η² = 0.44). The experimental group’s P300 
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amplitude increases continuously (T0: 7.5 ± 1.1 μV; 
T1: 8.9 ± 1.2 μV; T2: 10.2 ± 1.3 μV), while the control 
group’s P300 amplitude has no significant change (T0: 
7.4 ± 1.0 μV; T1: 7.8 ± 1.1 μV; T2: 8.1 ± 1.2 μV). At 
T1 and T2, the experimental group’s P300 amplitude 
is significantly higher than that of the control group 
(p < 0.001). There is no significant difference in P300 
latency between the two groups at all time points (p > 
0.05).

4.5 Parallel Mediation Analysis Results
Parallel mediation analysis shows that real-

time cognitive load matching and positive emotional 
experience play significant parallel mediating 
roles between MPIR intervention and MoCA score 
improvement (Figure 2, omitted). The total indirect 
effect is 0.92, 95% CI: [0.68, 1.17], accounting for 
73.6% of the total effect. The indirect effect of real-time 
cognitive load matching is 0.45 (95% CI: [0.26, 0.65]), 
and the indirect effect of positive emotional experience 
is 0.47 (95% CI: [0.28, 0.67]). This indicates that 
MPIR intervention improves cognitive function by two 
paths: improving real-time cognitive load matching and 
enhancing positive emotional experience.

5. Discussion

5.1 The Effect of MPIR Intervention on 
Cognitive Function of MCI Elderly

Behav iora l  r e su l t s  show tha t  the  MPIR 
intervention can significantly improve the cognitive 
function of MCI elderly, with the MoCA score 
improving by 10.3% after 10 weeks of intervention, 
which  i s  s igni f icant ly  h igher  than  the  4 .2% 
improvement rate of traditional cognitive training. 
This confirms that the multimodal perception-based 
personalized intervention strategy is more effective 
than the fixed traditional cognitive training. The 
reason is that the MPIR can perceive the elderly’s real-
time cognitive state (cognitive load, emotional state, 
attention level) through the multimodal perception 
system, and adjust the intervention task difficulty, 
type, and interaction mode dynamically, ensuring 

that the intervention is always matched with the 
elderly’s cognitive capacity. This avoids the problems 
of excessive cognitive load (leading to frustration) or 
insufficient training intensity (leading to ineffective 
training) in traditional fixed training, thus improving 
intervention effectiveness.

In  addi t ion,  the  MPIR in tervent ion a lso 
significantly improves the intervention compliance of 
MCI elderly, with an attendance rate of 96.2%, which 
is much higher than that of the control group. The 
high compliance is mainly due to the personalized 
interaction design of the robot: on the one hand, the 
dynamic adjustment of tasks reduces the elderly’s 
frustration and enhances the sense of achievement; on 
the other hand, the multimodal interaction (especially 
tactile interaction) enhances the emotional connection 
between the elderly and the robot, making the training 
process more interesting. This finding is consistent with 
the research of Lee et al. (2023) that robot-assisted 
intervention with emotional interaction can improve the 
elderly’s participation motivation.

5.2 Neurocognitive Mechanism of MPIR 
Intervention Improving Cognitive Function

Neurocognitive results reveal that the MPIR 
intervention promotes the sustained activation of 
the prefrontal cortex (PFC) and hippocampus in 
MCI elderly and increases the amplitude of the 
P300 component, which clarifies the neurocognitive 
mechanism of cognitive function improvement.

The PFC is the core brain region involved in 
executive function, attention, and working memory. The 
sustained high activation of the PFC in the experimental 
group indicates that the MPIR intervention effectively 
enhances the functional activity of the PFC, improving 
the elderly’s executive function and attention (Barch 
& Yarkoni, 2023). The hippocampus is crucial for 
memory encoding and retrieval. The continuous 
increase of hippocampus activation in the experimental 
group shows that the MPIR intervention promotes the 
functional recovery of the hippocampus, enhancing the 
elderly’s memory function (Konvalinka et al., 2023). 
In contrast, the control group’s PFC and hippocampus 
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activation are weak and unsustained, which may be due 
to the mismatch between fixed training tasks and the 
elderly’s cognitive state, failing to effectively stimulate 
the activity of cognitive-related brain regions.

The P300 component is an important indicator 
of cognitive information processing ability, and its 
amplitude is positively correlated with the level of 
cognitive function. The significant increase of P300 
amplitude in the experimental group indicates that the 
MPIR intervention improves the elderly’s cognitive 
attention, information processing speed, and memory 
updating ability (Jiang et al., 2022). This is because 
the personalized intervention tasks of the robot can 
better attract the elderly’s attention, reduce information 
processing errors, and thus enhance the efficiency 
of cognitive information processing. The unchanged 
P300 amplitude in the control group further confirms 
that traditional fixed training has limited effect 
on improving the elderly’s cognitive information 
processing ability.

5.3 Parallel Mediating Role of Real-Time 
Cognitive Load Matching and Positive 
Emotional Experience

Parallel mediation analysis shows that real-
time cognitive load matching and positive emotional 
experience play significant parallel mediating roles 
between MPIR intervention and cognitive function 
improvement. This indicates that MPIR intervention 
improves cognitive function through two independent 
but complementary paths.

The first path is real-time cognitive load matching. 
The MPIR adjusts the intervention task difficulty 
according to the elderly’s real-time cognitive load, 
ensuring that the elderly are in a moderate cognitive 
load state. Moderate cognitive load can effectively 
stimulate the activity of cognitive-related brain regions 
(PFC, hippocampus) without causing fatigue, thus 
promoting cognitive function improvement (Vuust 
et al., 2022). The second path is positive emotional 
experience. The robot’s multimodal interaction 
(facial expressions, tactile comfort, personalized 
language) enhances the elderly’s positive emotional 

experience. Positive emotions can promote the release 
of neurotransmitters (such as dopamine) related to 
cognitive function, improve synaptic plasticity, and 
thus enhance cognitive ability (Rizzolatti & Sinigaglia, 
2023).

These two mediating paths complement each 
other. Real-time cognitive load matching ensures the 
effectiveness of cognitive training, while positive 
emotional experience improves the compliance and 
sustainability of intervention. Together, they promote 
the improvement of cognitive function of MCI elderly. 
This finding provides a new theoretical perspective 
for optimizing robot-assisted cognitive intervention 
strategies: in addition to focusing on cognitive load 
matching, attention should also be paid to enhancing 
the elderly’s positive emotional experience through 
multimodal interaction design.

5 . 4  I m p l i c a t i o n s  f o r  C l i n i c a l  N o n -
Pharmacological Intervention of MCI

The findings of this study have important 
clinical implications for the non-pharmacological 
intervention of MCI. First, the MPIR developed in 
this study provides a new technical means for clinical 
cognitive intervention. It can be applied to community 
health service centers, nursing homes, and home care 
scenarios to provide personalized cognitive intervention 
for MCI elderly, especially for areas with insufficient 
professional therapists.

Second ,  the  mul t imoda l  percep t ion  and 
personalized adjustment strategy can be used as a 
reference for optimizing existing cognitive intervention 
methods. Clinical therapists can refer to the multimodal 
perception indicators (such as HRV, facial expressions, 
voice intonation) to evaluate the elderly’s real-time 
cognitive state and adjust intervention strategies 
dynamically, improving the effectiveness of traditional 
cognitive training.

Third, the neurocognitive indicators (PFC and 
hippocampus activation, P300 amplitude) can be 
used as objective evaluation markers for cognitive 
intervention effect. Compared with traditional 
behavioral scores, these neurocognitive indicators can 
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reflect the changes of cognitive function more early and 
accurately, providing a new evaluation tool for clinical 
intervention effect.

Fourth, improving intervention compliance is 
the key to ensuring long-term intervention effect. 
The MPIR’s multimodal interaction and personalized 
design provide a reference for improving the elderly’s 
compliance. Clinical intervention programs should pay 
attention to the emotional needs of the elderly, increase 
interactive fun, and avoid boring and rigid training 
modes.

5.5 Limitat ions and Future Research 
Directions

Despite its contributions, this study has several 
limitations. First, the sample size is relatively small (40 
valid participants), and the intervention duration is 10 
weeks, which is relatively short. Future studies should 
recruit larger samples and conduct longer-term follow-
up (such as 6 months or 1 year) to verify the long-term 
effect and stability of MPIR intervention.

Second, the participants are all MCI elderly with 
mild cognitive impairment. Future studies should 
expand the sample scope to include MCI elderly with 
different severity levels (mild, moderate) and different 
types (amnestic MCI, non-amnestic MCI) to enhance 
the generalizability of the results.

Third, the MPIR’s multimodal perception system 
has certain limitations in complex environments (such 
as strong light, noise). Future studies should optimize 
the perception algorithm to improve the robustness and 
accuracy of multimodal perception in complex real-
world scenarios.

Fourth, this study focuses on the effect of MPIR 
intervention on cognitive function, but does not explore 
its impact on the elderly’s daily living ability and 
quality of life. Future studies should comprehensively 
evaluate the intervention effect from multiple 
dimensions, including cognitive function, daily living 
ability, emotional state, and quality of life.

6. Conclusion
This study develops a multimodal perception-

based intelligent robot (MPIR) and explores its effect 

on cognitive function improvement in MCI elderly and 
the underlying neurocognitive mechanism through a 
10-week intervention experiment. Behavioral results 
show that MPIR intervention can significantly improve 
the cognitive function (memory, executive function, 
language) of MCI elderly, with an improvement rate 
of 10.3% in MoCA score, which is significantly higher 
than that of traditional cognitive training. It also 
significantly improves the intervention compliance of 
MCI elderly. Neurocognitive results reveal that MPIR 
intervention promotes the sustained activation of the 
prefrontal cortex and hippocampus and increases 
the amplitude of the P300 component, enhancing 
cognitive information processing ability. Parallel 
mediation analysis confirms that real-time cognitive 
load matching and positive emotional experience play 
significant parallel mediating roles between MPIR 
intervention and cognitive function improvement.

These findings clarify the neurocognitive 
mechanism of multimodal perception-based intelligent 
robot-assisted cognitive intervention for MCI elderly, 
and provide a new technical means and theoretical 
basis for early non-pharmacological intervention of 
MCI. By optimizing the multimodal perception system 
and personalized intervention strategy, the MPIR 
can better meet the individual needs of MCI elderly, 
improve intervention effectiveness and compliance, 
and thus delay the progression of MCI to dementia. 
Future research should focus on expanding the sample 
scope, conducting long-term follow-up, and optimizing 
the robot’s perception and intervention capabilities 
to promote the clinical application of robot-assisted 
cognitive intervention for MCI.
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