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Collaborative Optimization of Human–Computer 
Interaction Efficiency and Cognitive Load in Mobile  
Auditing

ABSTRACT
Mobile auditing has been increasingly recognized as a critical direction in the digital trans-
formation of auditing practices. However, field auditing scenarios are constrained by lim-
ited device resources, sensitive data privacy requirements, unstable network conditions, and 
elevated cognitive load among auditors, all of which substantially hinder human–computer 
interaction efficiency and audit quality. To address these challenges, a multi-module collab-
orative optimization framework for human–computer interaction was proposed. Four core 
technologies were integrated into the framework: non-intrusive cognitive load quantification, 
lightweight on-device cognitive inference, dynamic user interface information density recon-
figuration, and adaptive computation offloading under weak network conditions. Through 
this integration, end-to-end coordination was achieved, encompassing cognitive state aware-
ness, adaptive interface adjustment, and computational task optimization. To validate the 
effectiveness of the proposed framework, controlled dual-task experiments were conducted, 
simulating both static and dynamic interference conditions commonly encountered in real-
world field auditing. Performance comparisons between the optimized system and a baseline 
system demonstrated that cognitive load was significantly reduced, while interaction effi-
ciency and task accuracy were markedly improved. Furthermore, stable system performance 
was maintained under dynamic interference conditions, alongside lightweight deployment 
and enhanced privacy preservation capabilities. The proposed approach provides a practical 
technical pathway for optimizing human–computer interaction in mobile professional pro-
ductivity tools, enriches interdisciplinary research at the intersection of mobile computing 
and cognitive engineering, and offers substantial academic and engineering value.
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1	 INTRODUCTION

With the continuous advancement of audit informatization [1, 2], mobile audit-
ing has emerged as the dominant mode of field auditing operations [3]. While spatial 
constraints have been effectively alleviated, mobile auditing environments remain 
subject to a combination of device, task, and environmental constraints. The limited 
screen size of mobile terminals [4] and their constrained computational resources [5] 
are insufficient to support the high-density data inspection requirements inherent 
in auditing tasks. Meanwhile, the sensitive nature of audit data imposes stringent 
requirements on data security and privacy protection during processing [6, 7]. In 
addition, unstable network conditions in field environments further exacerbate the 
challenges associated with working paper loading and data synchronization [8]. As a 
consequence of these constraints, the direct transplantation of desktop-based audit-
ing tools to mobile platforms has resulted in reduced human–computer interaction 
efficiency, excessive cognitive load, and heightened privacy risks, thereby impeding 
the large-scale deployment of mobile auditing systems. Existing studies on mobile 
human–computer interaction optimization have predominantly focused on general 
consumer scenarios, with limited attention given to domain-specific requirements 
in auditing. Moreover, end-to-end collaboration across cognitive load awareness, 
interaction adaptation, and computational optimization has not been achieved, 
revealing a clear research gap.

Significant limitations remain in current approaches when applied to mobile 
auditing scenarios. At the level of cognitive load awareness, existing methods largely 
rely on subjective rating scales or intrusive wearable devices [9, 10], both of which 
impose operational burdens and lack real-time responsiveness. Non-intrusive quan-
tification approaches that can be executed in real time on-device, without requiring 
additional hardware, remain underexplored, thus failing to meet the lightweight 
requirements of field auditing. At the user interface adaptation level, conventional 
mobile auditing applications have predominantly adopted scaled-down versions of 
desktop interfaces [11, 12]. Such approaches fail to dynamically adjust information 
density based on device characteristics, user cognitive state, and handheld inter-
action posture. Consequently, issues such as information overload, high mis-touch 
rates, and difficulty in information localization are frequently observed. At the level 
of computation and synchronization, full data transmission and local processing 
strategies under weak network conditions consume substantial bandwidth and may 
block the main processing thread, thereby increasing cognitive load. Existing task 
offloading and synchronization mechanisms have not achieved coordinated integra-
tion of semantic-level querying, incremental synchronization, and data consistency 
maintenance [13, 14]. Finally, in terms of validation methodologies, most existing 
studies have relied on single static tasks and subjective evaluations [15, 16], without 
adequately simulating complex real-world conditions such as dynamic interference 
and network fluctuations in field auditing. Data collection has remained limited in 
scope, making it difficult to quantitatively evaluate the effectiveness of collabora-
tive optimization strategies and consequently reducing the practical applicability of 
reported findings.

To address the constraints inherent in mobile auditing scenarios and the 
limitations of existing studies, a human–computer interaction collaborative 
optimization framework is developed, with joint consideration of privacy preser-
vation and lightweight deployment. End-to-end coordination across cognitive load 
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awareness, user interface adaptation, and computational offloading is achieved, 
enabling the reduction of auditors’ cognitive load while enhancing interaction effi-
ciency and task accuracy, thereby supporting the scalable deployment of mobile  
auditing systems.

The primary academic contributions are summarized below. First, a customized 
non-intrusive cognitive load quantification method for mobile auditing scenarios is 
proposed. Multi-dimensional features are captured and quantified in real time using 
native sensors on mobile devices, eliminating the need for additional wearable equip-
ment. As a result, lightweight cognitive load awareness and privacy-preserving data 
acquisition in field auditing contexts are effectively achieved. Second, a lightweight 
on-device cognitive state inference engine is designed. Through model optimization 
and quantization-based compression, real-time classification of cognitive states is 
enabled, overcoming constraints related to limited computational resources and 
latency on mobile terminals. Third, a state machine–driven dynamic user interface 
information density reconfiguration algorithm is introduced. By jointly incorpo-
rating cognitive state and handheld interaction posture, adaptive interface adjust-
ment is achieved, addressing the limitations associated with direct desktop interface 
transplantation and filling the gap in coordinated optimization between cognitive 
awareness and user interface adaptation in domain-specific applications. Fourth, 
a computation offloading and incremental synchronization mechanism for weak 
network conditions is developed. By integrating on-device database optimization 
with semantic-level data transmission, the conflict between constrained computa-
tional resources and limited network bandwidth is mitigated, thereby improving 
interaction fluency. Fifth, a multimodal controlled experimental framework is estab-
lished to simulate realistic field auditing scenarios. The effectiveness of the proposed 
optimization framework is quantitatively validated, providing an experimental 
paradigm and benchmarking approach for the optimization of mobile professional 
productivity tools.

2	 METHODOLOGY

The overall architecture of the proposed collaborative optimization framework 
is illustrated in Figure 1. The system is hierarchically structured into four layers: 
the perception layer, the inference layer, the adaptation layer, and the coordination 
layer. Through the closed-loop integration of on-device multimodal feature acqui-
sition, lightweight cognitive state inference, dynamic user interface information 
density reconfiguration, and computation offloading under weak network condi-
tions, coordinated optimization of human–computer interaction efficiency and cog-
nitive load is achieved. This is accomplished while ensuring the privacy and security 
of audit data throughout the processing pipeline.
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Fig. 1. Overall architecture of the collaborative optimization framework  
for human–computer interaction in mobile auditing

2.1	 Non-intrusive cognitive load quantification method in mobile 
auditing scenarios

To address the requirements of high-density data inspection and real-time cogni-
tive assessment in mobile auditing tasks, a non-intrusive feature acquisition frame-
work is established based on native front-facing red, green, and blue (RGB) cameras 
and touch sensors of mobile devices. Cognitive load is quantitatively characterized 
from both behavioral and physiological dimensions. At the behavioral level, four 
quantitative indicators are defined: effective operation path length, information 
retrieval scrolling distance, swipe hesitation, and variance of touch contact area. 
Swipe hesitation is directly quantified by the frequency of velocity zero-crossing 
points within a single drag gesture, reflecting the degree of decision-making hesi-
tation. The variance of touch contact area is employed to capture the dispersion of 
touch regions caused by micro-hand tremors. At the physiological level, key ocu-
lar features are extracted. The pupil diameter variability is computed as the ratio 
of the standard deviation to the mean of time-series pupil diameters, expressed as 
PDV = sD/mD. The eye aspect ratio is constructed based on the spatial coordinates of 
eye landmarks and is expressed as EAR = (y2 - y6 + y3 - y5)/(2(x4 − x1)). In addition, the 
spatial entropy of pupil movement trajectories is utilized to quantify the degree of 
disorder in gaze distribution over high-density data regions. All extracted features 
are normalized using min–max normalization to ensure dimensional consistency, 
with the normalization formula defined as x̂ x x x x� � �( )/( )

min max min
. The processed 

multidimensional features are subsequently fused into a fixed-dimensional input 
tensor, which is utilized for downstream cognitive state inference.

The proposed cognitive load quantification method adopts an on-device localized 
feature extraction paradigm. During the data acquisition stage, only raw sensor sig-
nals and human key point coordinate information are parsed, while no raw image 
pixel data from auditing scenarios are stored or transmitted. The data acquisition 
process is executed at a fixed sampling frequency of 10 Hz. All feature computation 
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and data processing tasks are performed within background threads on the mobile 
device, thereby avoiding resource contention with the application’s user interface 
main thread. The feature acquisition and computation pipeline operates without 
reliance on any external wearable devices. Data collection is achieved solely through 
the device’s built-in image capture module and touch sensing module. The gener-
ation and handling of feature tensors are completed entirely on-device, without 
involving any cloud-based data interaction. All computational logic is integrated 
within the underlying perception module of the mobile application and is executed 
in a decoupled and parallel manner relative to the auditing workflow.

Figure 2 summarizes the core elements of the experimental design. A 2 × 2 
mixed experimental design is adopted, in which the system type is treated as a 
within-subject variable, and the level of environmental interference is treated as a 
between-subject variable. Three categories of metrics are synchronously collected, 
including interaction efficiency, cognitive load, and system performance.

Fig. 2. Dual-task controlled experimental design and multimodal data acquisition framework

2.2	 Design of the lightweight on-device cognitive state inference engine

To satisfy the privacy constraints requiring fully localized processing of audit 
data, a lightweight on-device cognitive state inference engine is constructed on 
mobile terminals. All feature parsing and model inference processes are executed 
locally, without any data interaction with public cloud interfaces. The inference 
engine adopts a compact hybrid architecture combining one-dimensional convolu-
tional neural networks and long short-term memory networks. The one-dimensional 
convolutional layer performs local receptive field operations on the input temporal 
feature tensor, enabling the extraction of short-term variation patterns and cor-
relations among features such as pupil diameter and touch interaction behaviors. 
The convolutional output can be expressed as:

	 x t f w x t k b
conv k featk

K

[ ] [ +1]+
=1

� �� �� � 	 (1)

where, wk denotes the convolution kernel weights, xfeat represents the nor-
malized input features, K is the receptive field length, and f denotes a nonlinear  
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activation function. The long short-term memory layer receives the feature sequence gen-
erated by the convolutional operation and captures the temporal dependencies of cogni-
tive states as the task progresses through a gating mechanism. While preserving temporal 
representation capability, only the fundamental gating structure is retained to reduce 
the number of parameters. The overall network architecture is intentionally constrained 
to a single convolutional branch and a single long short-term memory unit, thereby 
avoiding excessive computational overhead associated with deep network designs.

The inference engine employs 8-bit integer quantization to achieve model 
compression and accelerated inference. Within the TensorFlow Lite framework, 
floating-point parameters are mapped into an integer numerical space, where the 
quantization mapping relationship is defined as follows:

	 q round�
�

�
�

�

�
�

x

s
z+ 	 (2)

where, x denotes the floating-point feature, s represents the quantization scale, 
z is the zero-point offset, and q corresponds to the quantized integer value. Following 
quantization, the model size is constrained to within 400 KB. The inference pipe-
line is further optimized at the underlying level using the Android neural networks 
application programming interface, ensuring that the latency of a single forward 
inference pass does not exceed 15 ms. As a result, stable operation can be achieved 
on mobile devices equipped with mid- to low-power processors.

During the inference stage, discretized three-level cognitive states are output, 
corresponding to adaptive interface control commands, rather than continuous 
cognitive load values. A confidence-based decision rule is incorporated, whereby 
a valid state output is generated only when the model confidence is no less than 
0.85. Otherwise, the previously stable state is retained to reduce the probability of 
misclassification. All inference processes are executed within an independent com-
putation thread on the mobile device, operating asynchronously with respect to the 
application’s main thread. Consequently, interface rendering and business opera-
tions remain unaffected, ensuring both real-time cognitive state estimation and 
overall system stability.

2.3	 State machine–driven dynamic user interface information density 
reconfiguration algorithm

A state machine–driven dynamic user interface information density reconfigu-
ration algorithm is developed, in which cognitive state and handheld posture are 
jointly utilized as inputs. Through the use of a finite-state automaton, precise trigger-
ing and dynamic adjustment of reconfiguration strategies are achieved, addressing 
issues of information overload and mis-touch that arise from the direct transplanta-
tion of desktop auditing interfaces to mobile platforms. The core architecture of the 
algorithm is formulated as a finite-state automaton, whose state space is defined as 
the combination of cognitive states and handheld posture conditions. Input variables 
include the cognitive state labels generated by the on-device inference engine and 
the handheld posture data acquired from the device gyroscope. Posture confidence is 
computed based on the variance of angular velocity across three axes, expressed as:

	 C exp� �
�

�
��

�

�
��

�

�
�
2

0

2
	 (3)
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where, �
�
2 denotes the real-time variance of the tri-axial angular velocity, and σ

0

2 
represents a predefined posture stability threshold. The confidence value C, within a 
range of [0, 1], is utilized to distinguish between different posture scenarios, such as 
single-hand operation and dual-hand landscape usage. State transitions within the 
automaton are governed by a transition function that enables seamless switching 
between reconfiguration strategies under varying conditions. The transition logic is 
determined through the joint evaluation of cognitive state and posture confidence, 
thereby ensuring both the specificity and real-time responsiveness of user interface 
adaptation.

The reconfiguration strategy adopts a state-specific precise adaptation mecha-
nism, in which corresponding strategies are triggered based on the combined out-
puts of cognitive state and posture confidence. In the focused state, the user interface 
maintains the original information density, and full-field rendering of detailed audit 
ledger tables is preserved to support precise data inspection requirements. In the 
fatigued state, a semantic folding strategy is activated. A lightweight rule-based sum-
marizer is employed to hierarchically compress audit account labels, while anoma-
lous data rows are selectively highlighted. Anomaly detection follows the criterion 
|x - μ| > 2σ, where x represents the value of the current data row, μ denotes the 
historical mean of the corresponding account, and σ is the standard deviation. For 
non-anomalous rows, font opacity is reduced to 40%, thereby decreasing visual 
information load. In the cognitive overload state, a hotspot self-expansion protec-
tion mechanism is triggered. Based on a heatmap of touch interaction points over 
the most recent 5 seconds, high-frequency interaction regions are identified, and 
their responsive areas are expanded by a factor of 1.5. Simultaneously, the scrolling 
friction coefficient of the list is adjusted, and content transition intensity is reduced 
by lowering scroll damping, thereby alleviating cognitive overload.

All decision-making logic of the algorithm is deployed within an independent asyn-
chronous thread, ensuring resource isolation from the user interface main thread 
and preventing competition for rendering resources. The Android Choreographer 
mechanism is utilized to synchronize vertical refresh signals, aligning user interface 
reconfiguration operations with the screen refresh cycle. As a result, a stable 
frame rate exceeding 60 frames per second is maintained, effectively preventing 
frame drops. Reconfiguration commands are implemented using an incremental 
update strategy, in which only the user interface components requiring modifica-
tion are selectively refreshed, rather than performing full interface redraws. This 
approach reduces system resource consumption and ensures smooth auditing oper-
ations during dynamic reconfiguration. Consequently, uninterrupted cognitive flow 
is preserved for auditors, enabling coordinated optimization of cognitive load and 
interaction efficiency.

2.4	 Auditing computation offloading and incremental synchronization 
mechanisms under weak network conditions

An auditing computation offloading and incremental synchronization mech-
anism based on reactive synchronization is developed to address issues such 
as working paper loading latency and main thread blocking in mobile auditing 
under weak network conditions through task redistribution and fine-grained data 
transmission, achieving efficient coordination between on-device processing and 
backend systems. An on-device instance of DuckDB compiled via WebAssembly is 
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deployed to replace the traditional SQLite database, thereby improving the perfor-
mance of complex aggregation queries. The WebAssembly instance is adapted to 
mobile central processing unit architectures through bytecode compilation and can 
be executed directly in both browser environments and native applications without 
additional dependency libraries. Compared with SQLite, query execution efficiency 
is improved by more than threefold, enabling efficient handling of complex auditing 
queries, including multi-table joins and multi-year comparative analyses. A semantic- 
level computation offloading strategy is adopted, based on a lightweight “query 
instruction–result feedback” interaction paradigm. When an audit query is initiated 
on the mobile device, only semantic instructions containing query conditions and 
required fields are transmitted to the backend, rather than the complete audit work-
ing papers. After performing full data association and computation, the backend 
returns only the first-screen view metadata and incremental update packets to the 
device. Incremental updates are encoded using a delta encoding scheme, with the 
core formulation defined as:

	 D X = Xnew - Xold	 (4)

where, Xnew represents the updated dataset at the backend, and Xold denotes the 
cached historical data on the device. Through delta encoding, only the changed data 
are transmitted, and the compression ratio of data transmission satisfies the expres-
sion below, thereby substantially reducing bandwidth consumption under weak 
network conditions.

	 R
X

X
old

� � � �(1
| |

| |
) 100% 80%

� 	 (5)

User operation synchronization under weak network conditions is imple-
mented using lightweight JSON Patch instructions. Each instruction contains only 
the operation type, data row identifier, and timestamp, with the size of a sin-
gle instruction constrained to within 1 KB. Best-effort transmission is achieved 
through adaptive switching between WebSocket and Message Queuing Telemetry 
Transport protocols. The protocol switching logic is determined based on the real-
time packet loss rate. The packet loss rate ρ is calculated from the reception status 
of the most recent 10 data packets as ρ = 1010 − Nrecv, where Nrecv denotes the num-
ber of successfully received packets. When ρ > 0.3, the communication protocol is 
automatically switched to Message Queuing Telemetry Transport, leveraging its 
publish–subscribe model to enhance transmission stability under weak network 
conditions. Upon network recovery, a Conflict-Free Replicated Data Type-based 
algorithm is employed to achieve eventual consistency between on-device data 
and the central working paper repository. Conflict resolution follows a timestamp- 
priority rule: for conflicting operations on the same data item, the operation with 
the larger timestamp t overrides the one with the smaller timestamp. This process 
can be expressed as:

	 O
O t t

O t t
final

= 1 1 2

2 1 2

�

�

�
�
�

��
	 (6)

where, O1 and O2 denote two operations on the same data item, and t1 and t2 rep-
resent their respective timestamps. Through this mechanism, the integrity of audit 
operation records and the consistency of data are effectively ensured.

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


iJIM | Vol. 20 No. 11 (2026)	 International Journal of Interactive Mobile Technologies (iJIM)	 97

Collaborative Optimization of Human–Computer Interaction Efficiency and Cognitive Load in Mobile Auditing

Main thread protection is achieved through asynchronous task scheduling and 
a multi-level caching mechanism. All computation offloading and data synchroni-
zation tasks are executed in independent background threads, ensuring resource 
isolation from the user interface main thread. A task priority queue management 
strategy is adopted, in which audit business operations are assigned higher priority 
than computation and synchronization tasks, thereby preventing time-consuming 
processes from occupying main thread resources. A multi-level caching architecture 
is deployed on the device side, where frequently accessed audit details and first-
screen metadata are cached locally. A Least Recently Used policy is employed for 
cache eviction. The cache hit rate H is calculated below, ensuring that it is maintained 
above 75% to reduce redundant network requests and computational overhead:

	 H
N

N N

hit

hit miss

�
�

�100% 	 (7)

In addition, cached data are updated using a scheduled incremental update strat-
egy, with the update interval dynamically adjusted according to network conditions. 
This approach effectively mitigates loading latency under weak network environ-
ments, maintains smooth audit interaction, and indirectly reduces the cognitive load 
experienced by auditors due to system delays.

3	 EXPERIMENTAL DESIGN AND RESULTS ANALYSIS

To evaluate the effectiveness of the proposed collaborative optimization frame-
work for human–computer interaction in mobile auditing, controlled experiments 
were conducted under conditions designed to closely replicate real-world field 
auditing scenarios. Through multimodal data acquisition and statistical analysis, the 
performance improvements of the proposed approach were quantitatively assessed 
across three dimensions: interaction efficiency, cognitive load, and system perfor-
mance. These evaluations provide robust empirical support for both the practical 
deployment and academic validation of the proposed framework.

3.1	 Experimental design

A dual-task controlled laboratory experiment with a 2 × 2 mixed design was con-
ducted to simulate complex real-world field auditing scenarios. The within-subject 
variable was the system type, which included a baseline version and an optimized 
version. The baseline system refers to a mobile auditing application without any 
optimization modules, whereas the optimized system integrates four core compo-
nents: non-intrusive cognitive load quantification, lightweight on-device cognitive 
state inference, dynamic user interface information density reconfiguration, and 
computation offloading with incremental synchronization under weak network con-
ditions. The between-subjects variable was the level of environmental interference, 
which consisted of two conditions: a static, seated scenario and a dynamic interfer-
ence scenario. The dynamic condition was simulated using a treadmill operating 
at a constant speed of 4 km/h to replicate body motion disturbances encountered 
during field inventory tasks. A total of 20 participants with accounting backgrounds 
and practical auditing experience were recruited. All participants were screened to 
exclude visual or motor impairments, ensuring the validity of the experimental data. 
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Each participant was required to complete a standardized audit evidence collection 
task under both environmental conditions. Specifically, three groups of fictitious 
duplicate payment clues were identified from a dataset containing 200 procurement 
records with embedded noise. The task complexity was designed to closely match 
real-world field auditing data inspection scenarios, thereby ensuring the transfer-
ability of the results.

A multimodal data acquisition approach was employed to comprehensively 
evaluate three categories of key performance metrics: interaction efficiency, cog-
nitive load, and system performance. Interaction efficiency metrics included task 
completion time, number of erroneous touches, effective operation path length, 
and information retrieval scrolling distance. Cognitive load was assessed using 
pupil diameter variability, heart rate variability expressed as the low-frequency to 
high-frequency ratio, and swipe hesitation. The low-frequency to high-frequency 
ratio is used to quantify sympathetic nervous system activity and indirectly reflect 
cognitive load levels. System performance metrics included model inference latency, 
data transmission volume, main thread blocking duration, and the incidence rate 
of application-not-responding events. All data were collected using standardized 
mobile devices configured with the Android 13 operating system and a Qualcomm 
Snapdragon 870 processor to ensure computational consistency. Heart rate variabil-
ity was measured using a Polar H10 chest strap, ocular features were captured via 
the device’s front-facing camera, and behavioral as well as system performance data 
were recorded in real time through embedded application logging mechanisms. All 
data streams were sampled at a uniform frequency of 10 Hz to ensure temporal 
synchronization and measurement accuracy.

3.2	 Results analysis

Repeated-measures analysis of variance was employed to statistically evaluate 
the experimental data. The main effects of system type and environmental inter-
ference level, as well as their interaction effects, were examined. The significance 
level was set at α = 0.05, and differences are considered statistically significant when 
P < 0.05. Through this approach, the effectiveness of the proposed optimization 
framework was quantitatively validated, ensuring the scientific rigor and reliability 
of the experimental findings.

Following statistical analysis, the results for the three categories of metrics—
interaction efficiency, cognitive load, and system performance—are summarized in 
Tables 1, 2, and 3, respectively. Across all metrics, the optimized system demonstrates 
significant advantages over the baseline system, with more pronounced improve-
ments observed under dynamic interference conditions.

Table 1. Statistical results of interaction efficiency metrics (mean ± standard deviation)

Metric Baseline  
(Static)

Optimized  
(Static)

Baseline  
(Dynamic)

Optimized  
(Dynamic) P-Value

Task completion time (s) 328.6 ± 27.5 245.3 ± 21.8 460.1 ± 35.2 281.5 ± 25.7 <0.05

Error clicks 8.7 ± 2.3 3.3 ± 1.5 15.2 ± 3.1 5.7 ± 1.8 <0.05

Effective operation path length 42.5 ± 6.8 26.1 ± 5.3 61.3 ± 8.2 37.8 ± 6.5 <0.05

Information retrieval scrolling 
distance (px)

8960 ± 1250 5520 ± 980 12840 ± 1560 7230 ± 1120 <0.05
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The results in Table 1 indicate that, under static conditions, the optimized sys-
tem significantly reduces task completion time and the number of error clicks. The 
effective operation path length and information retrieval scrolling distance are 
reduced by 38.6% and 38.4%, respectively, compared with the baseline system. 
Under dynamic interference conditions, the task completion time of the baseline 
system increases by 40.0% relative to the static condition, whereas the optimized 
system exhibits an increase of only 14.8%. In addition, error clicks, effective opera-
tion path length, and information retrieval scrolling distance are reduced by 62.5%, 
38.3%, and 43.7%, respectively. These results demonstrate that the optimized system 
effectively mitigates the impact of dynamic interference and significantly enhances 
interaction efficiency in mobile auditing scenarios.

The results in Table 2 indicate that cognitive load is significantly reduced by the 
optimized system under both static and dynamic interference conditions. Under 
static conditions, pupil diameter variability, the low-frequency to high-frequency 
ratio, and swipe hesitation are reduced by 27.8%, 33.3%, and 44.8%, respectively, 
compared with the baseline system. Under dynamic interference conditions, all cog-
nitive load metrics of the baseline system increase substantially. In contrast, the opti-
mized system achieves reductions of 28.0% in pupil diameter variability, 42.9% in 
the low-frequency to high-frequency ratio, and 45.5% in swipe hesitation relative to 
the baseline system. Moreover, the low-frequency to high-frequency ratio is main-
tained below 1.2. These findings demonstrate that the optimized system effectively 
alleviates cognitive pressure induced by information overload and dynamic inter-
ference, thereby maintaining a high-efficiency cognitive state for auditors during 
mobile auditing tasks.

Table 2. Statistical results of cognitive load metrics (mean ± standard deviation)

Metric Baseline  
(Static)

Optimized  
(Static)

Baseline  
(Dynamic)

Optimized  
(Dynamic) P-Value

Pupil diameter variability 0.18 ± 0.04 0.13 ± 0.03 0.25 ± 0.05 0.18 ± 0.04 <0.05

Heart rate variability (low-frequency  
to high-frequency ratio)

1.5 ± 0.4 1.0 ± 0.3 2.1 ± 0.5 1.2 ± 0.3 <0.05

Swipe hesitation (count/s) 0.87 ± 0.15 0.48 ± 0.11 1.32 ± 0.21 0.72 ± 0.14 <0.05

Table 3. Statistical results of system performance metrics (mean ± standard deviation)

Metric Baseline  
(Static)

Optimized  
(Static)

Baseline  
(Dynamic)

Optimized  
(Dynamic) P-Value

Model inference latency (ms) - 12.3 ± 2.1 - 13.5 ± 2.4 <0.05

Data transmission volume (MB) 48.6 ± 5.2 7.9 ± 1.3 52.3 ± 6.1 8.5 ± 1.5 <0.05

Main thread blocking duration (ms) 286 ± 45 62 ± 18 423 ± 58 95 ± 22 <0.05

Application not responding 
occurrence rate (%)

8.0 ± 3.5 0.0 ± 0.0 15.0 ± 4.2 0.0 ± 0.0 <0.05

The results in Table 3 indicate that superior performance is consistently achieved 
by the optimized system across all evaluated metrics. Model inference latency is 
maintained within the range of 10–15 ms, satisfying the requirements for real-time 
cognitive state awareness and user interface adaptation. Data transmission vol-
ume is reduced by 83.7% compared with the baseline system, effectively alleviating 
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bandwidth pressure under weak network conditions. In addition, the main thread 
blocking duration is reduced by 78.3%, and no application-not-responding events 
are observed in the optimized system. These findings demonstrate that, through 
computation offloading and asynchronous task scheduling, system stability and 
operational fluency are effectively ensured. Consequently, a robust system-level 
foundation is provided for enhancing interaction efficiency and reducing cognitive 
load in mobile auditing scenarios.

Figure 3 presents a comprehensive visualization of the distribution characteristics 
and optimization effects of three cognitive load metrics—pupil diameter variability, 
heart rate variability (low-frequency to high-frequency ratio), and swipe hesitation—
across four experimental conditions: baseline versus optimized systems and static 
versus dynamic scenarios. A normalized heatmap representation is employed, in 
which the raw mean values of each metric under the four conditions are mapped 
onto the range of 0–1. A gradient color scale ranging from dark green (0–0.2) to dark 
red (0.8–1.0) is used to indicate relative levels of cognitive load. The heatmap reveals 
that, under the baseline dynamic condition, the normalized values of all three met-
rics reach or approach 1.00 (pupil diameter variability = 1.00, the low-frequency to 
high-frequency ratio ≈ 1.00, and swipe hesitation ≈ 1.00), with corresponding color 
blocks appearing in dark red. This indicates that dynamic interference significantly 
increases visual strain, sympathetic nervous system activity, and manual operation 
hesitation among auditors. In contrast, under the optimized dynamic condition, the 
normalized values decrease to 0.42, 0.18, and 0.29 for pupil diameter variability, 
the low-frequency to high-frequency ratio, and swipe hesitation, respectively. The 
corresponding color transitions from dark red to light green or light orange. Notably, 
the cognitive load levels under the optimized dynamic condition approach, or even 
surpass, those observed under the baseline static condition (normalized values of 
0.42, 0.45, and 0.46, respectively). These findings provide strong evidence that the 
proposed collaborative optimization framework effectively suppresses multidi-
mensional cognitive load under dynamic interference conditions. Furthermore, the 
observed variation in reduction magnitudes suggests that swipe hesitation exhibits 
the highest sensitivity to changes in user interface information density.

Fig. 3. Normalized heatmap of cognitive load metrics

4	 CONCLUSION

To address the key challenges encountered in mobile auditing field scenar-
ios, including device constraints, data privacy sensitivity, network instability, 
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and elevated cognitive load, a collaborative optimization framework for human– 
computer interaction in mobile auditing environments was established. Through 
the coordinated integration of four core technologies, precise joint optimization of 
interaction efficiency and cognitive load was achieved, and the predefined research 
objectives were fully realized. The proposed non-intrusive cognitive load quantifi-
cation method for mobile auditing scenarios enabled fine-grained acquisition and 
standardized fusion of physiological and behavioral features using native device 
sensors. Real-time cognitive load quantification was achieved without the need for 
additional hardware, effectively addressing the dual requirements of lightweight 
deployment and privacy preservation in field auditing contexts. The lightweight 
on-device cognitive state inference engine, enabled by architectural optimization 
and 8-bit integer quantization, overcame the limitations of computational resources 
and latency on mobile devices. Accurate classification and real-time output of cog-
nitive states were achieved, providing reliable decision support for adaptive user 
interface reconfiguration. The state machine–driven dynamic user interface infor-
mation density reconfiguration algorithm enabled adaptive interface adjustment 
by jointly incorporating cognitive state and handheld posture. Issues of informa-
tion overload and mis-touch associated with the direct transplantation of desktop 
interfaces were effectively mitigated, thereby enhancing interaction precision and 
fluency. The audit computation offloading and incremental synchronization mech-
anism under weak network conditions significantly reduced bandwidth consump-
tion and main thread blocking through semantic-level computation transfer, delta 
encoding–based data transmission, and Conflict-Free Replicated Data Type-based 
consistency merging. As a result, system stability was ensured under weak network 
and dynamic interference scenarios.

The proposed framework advances the interdisciplinary field of mobile human–
computer interaction and domain-specific auditing applications. The full-chain 
collaborative optimization paradigm integrating cognitive load awareness, user 
interface adaptation, and computation offloading enriches existing research on 
high cognitive load tasks in mobile environments and provides a novel technical 
pathway and experimental benchmark for the design of mobile professional pro-
ductivity tools. Furthermore, the proposed approach demonstrates strong engi-
neering applicability and can be directly integrated into existing mobile auditing 
applications without requiring large-scale hardware upgrades. This capability is 
expected to facilitate the digital and mobile transformation of auditing practices and 
to provide valuable insights for the broader application of mobile technologies in 
professional domains.
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