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ABSTRACT

Human-artificial intelligence (AI) collaborative decision-making in mobile accounting sys-
tems is constrained by static division-of-labor boundaries and Al confidence bias, making
automation efficiency and error control difficult to balance. A dynamic confidence threshold
framework was proposed in this study. Confidence was calibrated through Platt scaling, reduc-
ing the expected calibration error to 0.031. An adaptive threshold function was constructed
by integrating task complexity and historical error rates, and manual review task allocation
was optimized by incorporating operator experience. Tasks were dynamically routed into
three channels: automatic approval, human-AI collaborative correction, and in-depth man-
ual review. Selective-risk statistical monitoring and drift detection mechanisms were also
incorporated. Experimental results on a real-world accounting dataset and a mobile proto-
type system indicate that the auto-pass error rate was controlled at 4.2%, the automation rate
reached 78.6%—an improvement of 13.3 percentage points over the optimal fixed threshold—
accountant processing time was reduced by 23.0%, and cognitive load was reduced by 26.8%;
favorable steady-state recovery was further exhibited under multiple perturbations.
A systematic technical solution is thus provided for human-AI collaborative decision-making
in mobile accounting scenarios.
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1  INTRODUCTION

The migration of accounting information systems from desktop platforms to mobile
platforms has been accelerated by continuous improvements in the computational
capabilities of mobile devices and the widespread deployment of 5G networks [1,2].
Core business processes, including voucher entry, invoice recognition, and online

Li, L. (2026). Human-Artificial Intelligence Collaborative Decision-Making and Error Control in Mobile Accounting Systems. International journal of
Interactive Mobile Technologies (i/IM), 20(20), pp. 155-168. https://doi.org/10.3991/ijim.v20i20.63554

Article submitted 2026-07-16. Revision uploaded 2026-09-16. Final acceptance 2026-09-17.
© 2026 by the authors of this article. Published under CC-BY.

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

International Journal of Interactive Mobile Technologies (iJIM) 155


https://online-journals.org/index.php/i-jim
https://online-journals.org/index.php/i-jim
https://doi.org/10.3991/ijim.v20i20.63554
https://online-journals.org/
https://online-journals.org/
mailto:lilan@hue.edu.cn
https://doi.org/10.3991/ijim.v20i20.63554

Li

approval, are now supported by mobile accounting systems. However, operational
scenarios have expanded from fixed office environments to uncontrolled spaces such
as travel routes, and information acquisition has shifted from parallel browsing across
multiple windows on large screens to serial touch-based operations on small screens.
In addition, mobile scenarios are inherently characterized by limited screen size and
variable operating environments [3]. Consequently, the traditional decision-making
model—human-led with passive machine responses—is confronted with funda-
mental challenges. The cognitive load imposed on accountants in mobile settings is
significantly increased, information retrieval and cross-verification efficiency are
diminished, decision fatigue is accelerated, and error rates rise accordingly [4].

With the evolution of artificial intelligence (AI) technology, machines have grad-
ually been transformed from automation tools into decision-making collaborators
capable of autonomous judgment [5]. High accuracy has been achieved by optical
character recognition, rule engines, and machine learning models in tasks such as
invoice information extraction [6], expense compliance verification, and anomalous
transaction detection [7]. However, the decision quality of Al systems is not constant;
their confidence is found to fluctuate significantly with task type, data quality, input
completeness, and other factors [8]. More fundamentally, raw probability scores
output by deep learning models often exhibit systematic bias [9], such that a judg-
ment claimed by a model to have 90% certainty may have an actual accuracy far
below that value [10]. In mobile accounting scenarios, convenient desktop-based
cross-validation tools are unavailable to accountants, and judgments concerning the
correctness of Al outputs are highly dependent on confidence signals provided by
the system [11]. If such signals are themselves unreliable, the decision quality of
human-AI collaboration cannot be guaranteed.

Substantial progress has been made in existing research on human-AI collab-
orative decision-making [12], yet three notable deficiencies remain when mobile
accounting scenarios are addressed. First, although probability-based intervention
thresholds have been introduced into adaptive digital systems to support real-time
error prediction and interface control, such thresholds are generally determined
under predefined experimental conditions and are not dynamically adjusted
according to task complexity and historical error rates [13]. In addition, manual
review tasks lack an allocation mechanism matched to operator experience. These
limitations are especially pronounced in mobile scenarios characterized by signifi-
cant task heterogeneity and environmental dynamism [14]. Second, Al confidence
calibration remains almost unexplored in accounting human-Al collaboration
research. Although mature approaches such as Platt scaling and temperature scaling
have been developed in machine learning [9], they have not yet been introduced into
human-AI collaborative decision-making frameworks for accounting information
systems. The direct use of uncalibrated confidence scores for task allocation gives
rise to systematic misallocation risk. Third, although validation and fallback mech-
anisms have been incorporated into feedback-controlled Al architectures in other
digital application domains, error control in accounting information systems still
lacks a systematic design spanning the entire human—AI collaboration process [15].
Existing studies have largely reduced it to post hoc audit sampling [16]. From selec-
tive risk control for automatic approval to analysis of human-AI collaborative cor-
rection records to root-cause induction in in-depth manual review, a closed-loop
feedback system covering the full chain has yet to be established.

To address these deficiencies, a mobile accounting human-AI collaborative
decision-making and error-control framework based on a dynamic confidence
threshold is proposed. In this framework, raw confidence scores of Al models are cal-
ibrated by Platt scaling; an adaptive threshold function integrating task complexity

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


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

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

Human-Artificial Intelligence Collaborative Decision-Making and Error Control in Mobile Accounting Systems

and historical error rates is constructed; manual review task allocation is optimized
by incorporating operator experience; and tasks are dynamically routed into three
channels: automatic approval, human-Al collaborative correction, and in-depth
manual review. Selective-risk statistical monitoring, threshold drift detection driven
by the sequential probability ratio test, and a correction-record-driven feedback
learning mechanism are introduced, forming a closed-loop error-control system
covering the entire decision-making chain. Through experiments on a real-world
accounting dataset and a mobile prototype system, the performance of the frame-
work is systematically evaluated across three dimensions: decision performance,
user experience, and long-term robustness.

2  METHODOLOGY

2.1 Overview of the system framework
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Fig. 1. Overall framework diagram of dynamic-threshold-based human-artificial intelligence collaborative
decision-making and error control for mobile accounting

As illustrated in Figure 1, a human-AI collaborative decision-making framework
composed of three layers—confidence assessment and calibration, dynamic thresh-
old decision-making, and error closed-loop control—is constructed. In the first layer,
for each accounting document, optical character recognition confidence and rule-
matching confidence are fused into a composite confidence score, and the raw score is
posterior-calibrated by means of Platt scaling, so that a reliable probabilistic interpreta-
tion is conferred on the confidence. In the second layer, based on the calibrated confi-
dence, an adaptive threshold is computed in real time by incorporating task complexity
and historical error rates; tasks are routed into three channels—automatic approval,
human-AI collaborative correction, and in-depth manual review—and manual review
tasks are matched according to operator experience. In the third layer, a closed-loop
mechanism of decision-making, feedback, and tuning is formed through selective-risk
statistical monitoring, sequential probability ratio test-driven threshold drift detection,
and correction-record-driven feedback learning. The three layers are tightly coupled
through data flows: input for the decision layer is provided by confidence outputs;
feedback data for the closed-loop layer are constituted by routing results and manual
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review conclusions; and the confidence assessment model and threshold function
parameters are revised through feedback from the calibration results of the closed-loop
layer so that the system is continuously optimized during sustained operation.

2.2 Confidence assessment and calibration model

For each pending accounting document x, whether the document-level final
processing result is consistent with the manual review conclusion is taken as the
correctness event, and the composite confidence is used to estimate the probability
of this event. A composite confidence score C, (x) € [0, 1] is first output by the sys-
tem, and this score is synthesized by a weighted combination of sub-confidences
from two dimensions. C, _(x) is the weighted average of recognition confidences of
key fields such as invoice amount, date, and tax identification number by the optical
character recognition module. C_, (x) is the quantified output of the degree of match
between the current document and a preset accounting compliance rule base by the
rule matching module; it is computed by filtering a validation rule set adapted to
the current voucher type from the rule base, and a standardized score is generated
after item-by-item comparison of each core element through pattern matching. The
two are combined by weighted summation to obtain the raw composite confidence:

C0=0C 0)+aC () )

raw 1~ ocr rule
The weight coefficients o, and o, satisfy o, + @, =1 and are dynamically adjusted
according to task type: in invoice recognition tasks, the weight of e, is increased,
whereas in tasks dominated by rule compliance verification, @, is dominant.
Systematic bias generally exists in the raw confidence scores C,_, output by deep
learning models, manifesting as overconfidence or underconfidence; if such scores are
directly used for human-AI task allocation, systematic misallocation risk will result.
Posterior calibration of the raw scores is performed using Platt scaling. To avoid diver-
gence of the logit transformation when C s 0 or 1, let C‘mw =min{max(C_ ,¢),1-¢},

and then, by solving scaling parameters « and g through maximum likelihood esti-
mation on a calibration dataset, the raw score is mapped to the calibrated confidence:

Ccal(X): 1 ~
l+exp| - alogMﬂ%
1-C_ (%)

raw

(2)

A reliable probabilistic interpretation is conferred on confidence scores by cal-
ibration: among predictions with a calibrated confidence of ¢, the actual propor-
tion that are correct should approximate c. Calibration quality is quantified by the
expected calibration error. Prediction samples are partitioned into M equal-width
confidence bins B, and the expected calibration error is defined as:

ECE = i 1B, |
=D lacc(B ) —conf(B, )| 3)
m=1

where, acc(B,) is the actual accuracy of samples in the m-th bin, and conf(B,)
is the average confidence of samples in that bin. For a well-calibrated model, the
expected calibration error should approach zero. The calibrated confidence C_,(x)
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obtained after calibration is used as the foundational input for all subsequent thresh-
old decisions. For notational simplicity, it is uniformly denoted as C hereinafter.

2.3 Dynamic threshold decision mechanism

Fixed confidence thresholds have usually been adopted in existing studies as the
basis for human-AI task allocation, and significant heterogeneity of accounting tasks
across dimensions such as complexity and risk level has thereby been neglected.
A multi-factor adaptive threshold function is constructed so that the automatic
approval boundary can be dynamically adjusted according to task characteristics.
The base threshold for the k-th cycle, T, ., ., is jointly determined by an online-updated
base term T, and two task adjustment terms T, ., = clip(T,,, + Ao, + pd(x), T, ., T, )
where T, = 0 70 is the initial base value of the system; o, 1s the hlstorlcal error rate
of the task type, computed based on a historical Voucher database stored at edge
nodes, and a higher error rate yields a stricter threshold, with coefficient 1 > 0; ¢(x)
is a task complexity function, in which xis comprehensively quantified by the num-
ber of document fields, the number of rule-matching entries, and monetary amount
magnitude, and o(x) e [0,1] is monotonically increasing, with coefficient 4 > 0. The
weight coefficients A and g are determined through multiple regression analysis of
historical data. Operator experience does not directly alter the automatic approval
threshold and is used only for manual review task matching; time pressure within
an accounting cycle is used only for prioritization of the manual review queue and
does not lower the automatic approval risk threshold.

Based on the calibrated confidence C and the dynamic threshold T, ., ., three-chan-
nel routing decisions are executed. An upper buffer zone g,,,, = 0.05 and a lower
buffer zone 6, = 0.10 are set, and the routing rules are defined as follows: when
C2Typr t 0, pper the task is routed into the automatic approval channel, and the Al
processing result is directly adopted; when T, ., = 6,0 S C < T + 8 per the task is
routed into the human-AI collaborative correction channel, and the task is pushed
to the mobile end for rapid review by an accountant; when C< T, . = §,,,,.. the task
is routed into the in-depth manual review channel, and comprehensive review by a
senior accountant is performed. For tasks routed into the human-AI collaborative cor-
rection channel, matching is further performed according to operator experience and
task complexity; when current operator experience is insufficient to cover task com-
plexity, the task is transferred to in-depth manual review. Frequent channel switching
caused by minor fluctuations in confidence near the threshold is effectively avoided
by the buffer zones, and damage to user experience and system stability from pattern
oscillation is prevented. On the mobile-end interface of the human-AI collaborative
channel, only the three fields with the lowest confidence and the three fields with the
greatest rule discrepancies are displayed so that the cognitive load of the accountant
is minimized.

The base threshold term is continuously and adaptively updated through an
online learning mechanism during system operation. Let R, be the actual error rate
of the automatic approval channel in the k-th cycle, R, ., be the target error rate,
and AE, = R, — R, , be the error rate change trend. The base term update rule is

Ty = clzp[ o, — Rmrget) +BAE, T i Tomard> Where a>0 and B> 0 are learning
rate parameters. After T, isupdated in each cycle, T,  is calculated by incorporating
the historical error rate and complexity of tasks in that cycle. When the actual error
rate is higher than the target value, the base threshold is raised to tighten the auto-
matic approval criterion; otherwise, the base threshold is moderately lowered to
increase the automation rate. At the same time, the error rate change trend term AE,
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isintroduced so that an early response can be made when the error rate deteriorates
rapidly, and excessive threshold elevation that would sacrifice automation efficiency
isavoided when the error rate continuously improves. By the above adaptive mecha-
nism, the system can respond to data distribution changes, and consistency between
threshold updates and risk control objectives can be maintained.

2.4 Error closed-loop control mechanism

To monitor the selective risk of the automatic approval channel, a smoothed error
rate estimation based on the add-one rule is adopted. Let e be the number of samples
in the calibration data that are automatically approved but actually erroneous, n be
the total number of automatically approved samples, and p, L« D€ the target error
rate. The smoothed estimator is given by ﬁmmh:(e+1)/(n+2). The system continu-

ously compares ﬁsmwth withp,,.., and once ﬁsmamh > Drrger threshold increase or model
recalibration is triggered. This smoothed estimator is used for online empirical risk
monitoring and is not interpreted as a finite-sample confidence upper bound.

During adaptive updating, the dynamic threshold may drift imperceptibly due
to gradual changes in data distribution. A drift detection service based on the Wald
sequential probability ratio test is deployed, with the per-instance error indicator
variable z; €{0,1} of automatically approved samples taken as observations, where
an error is recorded as 1 and a correct decision is recorded as 0. Let the acceptable
error rate be p, =R, ., and let the abnormal error rate at which an alarm is to be
triggered be p, = p, + Ap, where Ap > 0 is a preset minimum detectable risk incre-
ment. The test hypotheses are H: p=p, and H,: p = p,. After n automatically approved
samples, the log-likelihood ratio is:

A, =Y [z1og(p, /p,)+1-2)log((1-p,)/A-p,))] 4)
i=1

When A, > A, H is rejected and an alarm is triggered; when A < B, H, is accepted
and operation is continued; otherwise, sampling is continued. The alarm thresholds
A and B are determined by a preset type I error probability e, and type II error

probability B, typically taken as A =1og[(1 - B,,.,)/ ] and B =10g[ B, ../(1 = 0t )]
Under given constraints on the two error probabilities, a lower average detection
delay can be achieved by the sequential probability ratio test so that an alarm is
obtained promptly when a persistent exceedance of the error rate is indicated.

In the human-AI collaborative correction channel, every modification made by
an accountant to an Al result is completely recorded by the system. These correction
records serve both as a basis for immediate quality traceability and as feedback
signals driving continuous model optimization. The correction rate Corr; of field j
is defined as the ratio of the number of records in which the field is corrected to
the total number of records containing the field. The correction rate of each field is
continuously monitored by the system, and when Corr; exceeds a preset threshold,
retraining of the submodel corresponding to the field or updating of associated rules
is triggered. Correction records are also fed into an incremental learning data pool,
and model fine-tuning is periodically performed. The three mechanisms—smoothed
selective-risk monitoring, sequential probability ratio test-driven threshold drift
detection, and correction-record-driven feedback learning—ijointly constitute a
full-chain error closed-loop control system covering pre-event monitoring, in-event
alarm, and post-event optimization, so that the error control capability of the system
is continuously enhanced as operating time accumulates.
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2.5 Mobile prototype system architecture

To verify the feasibility and effectiveness of the proposed framework in actual
mobile scenarios, a mobile accounting prototype system based on a device—edge—cloud
three-tier architecture was developed. On the device side, that is, mobile devices, light-
weight optical character recognition and rule-matching models optimized through
TensorFlow Lite are run so that basic confidence assessment can still be completed
under unstable network or offline scenarios. A human-AlI collaborative interaction
interface is also provided, through which calibrated confidence information is dis-
played to accountants and correction input is received. On the edge side, edge com-
puting nodes are deployed, where the full confidence assessment model and dynamic
threshold computation engine are deployed, recent historical voucher data and error
records are stored, and online adaptive updating of thresholds is performed. On the
cloud side, a central server is used, by which persistent storage of all data and audit
logs is handled, model training and recalibration processes are run, and drift detec-
tion and alarm services based on the sequential probability ratio test are deployed. In
the human-AI collaborative correction interface, only the three fields with the lowest
confidence and the three fields with the greatest deviation from the rule base are
presented to accountants, and each field is annotated with the calibrated confidence
score and accompanied by green—yellow-red color coding so that cognitive load in
mobile small-screen scenarios is minimized. The specific content and time consump-
tion of each modification operation by accountants are fully recorded as input data
for correction-record-driven feedback learning in error closed-loop control.

3  EXPERIMENTAL DESIGN AND VALIDATION

Five progressive experiments were designed to comprehensively validate the effec-
tiveness of the proposed framework. In Experiment 1, the improvement in Al output
probability quality produced by the confidence calibration module was validated. In
Experiment 2, the overall performance of the dynamic threshold strategy was compared
with that of multiple fixed-threshold baselines on a static dataset. In Experiment 3, the
convergence characteristics and parameter sensitivity of the online adaptive thresh-
old updating algorithm were examined. In Experiment 4, the effects of the framework
on accountants’ cognitive load and decision efficiency in mobile operation scenarios
were evaluated through a controlled user experiment. In Experiment 5, multiple sys-
tem interference scenarios were simulated to validate the robustness and self-recovery
capability of the error closed-loop control mechanism during long-term operation. All
experiments were implemented based on the same core dataset and prototype system.

3.1 Validation of confidence calibration effectiveness

In this experiment, an optical character recognition model fusing ResNet-50
and the convolutional recurrent neural network, together with an extreme gradi-
ent boosting-based rule matching model, was adopted as the basis. Raw softmax
confidence scores output by the two models were weighted and fused according
to task type to obtain a raw composite confidence C_ . Three comparison condi-
tions were established: raw softmax confidence without calibration; temperature
scaling, in which the temperature parameter T was optimized by grid search on
the calibration set using negative log-likelihood loss; and Platt scaling, the proposed
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method, in which the scaling parameters o and B were solved by maximum likeli-
hood estimation on the calibration set.

As shown in Figure 2, the expected calibration error of raw softmax confidence
was as high as 0.182, the maximum calibration error reached 0.341, and overconfi-
dent samples accounted for 26.7%, indicating severe overconfidence in the model.
The expected calibration error was reduced to 0.067 by temperature scaling, a
decrease of 63.2%, which verified the effectiveness of scaling calibration; however,
systematic underconfidence bias remained in the medium-to-low confidence range.
The expected calibration error was further compressed to 0.031 by the Platt scal-
ing adopted in the present framework, representing reductions of 82.9% relative
to the original model and 53.7% relative to temperature scaling, and the propor-
tion of overconfident samples was reduced to 4.6%. Differences in the area under
the receiver operating characteristic curve under the three conditions were small,
and no obvious degradation in model discriminative ability caused by calibration
was observed. While overall discriminative ability was maintained by Platt scaling,
confidence scores were made more consistent with actual accuracy, thereby provid-
ing a reliable foundation for subsequent dynamic threshold decision-making.

: Raw softmax

Temperature scaling (T=1.28)
0.8 Platt scaling (proposed method)

0.6
0.4

0.2

Performance metric value

ECE MCE AUC-ROC
a) Comparison of the ECE, MCE, AUC-ROC
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. ()

0on
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10.00%

Sample proport

5.00%

0.00%
Raw softmax Temperature Platt scaling
scaling (T=1.28) (proposed method)

b) Comparison of overconfident and underconfident sample proportions

Fig. 2. Performance comparison of different confidence calibration methods

3.2 Performance comparison between dynamic and fixed thresholds

In this experiment, the complete three-channel routing system was run on the
test set, and four comparison conditions were established: a fixed threshold T'=0.70;
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a fixed threshold T = 0.80; a grid-search-optimized fixed threshold, under the con-
straints that overall accuracy be maximized and the auto-pass error rate not exceed
5%; and the dynamic threshold strategy of the proposed framework. In the dynamic
strategy, the task threshold was computed in real time as:

Tser = Cip(Ty  + A0y, + ug(10, T, T, 00 5)

where, the regression coefficients were fitted on the training set as A= 0.42 and
u=0.35, and the base term T, was adjusted according to the auto-pass error rate of
the previous cycle by the online update rule.

Experimental results are presented in Figure 3 and Table 1. It can be observed
that although an automation rate of 72.5% was obtained under the fixed threshold
T=0.70, an auto-pass error rate of 6.8% was reached, exceeding the 5% risk-control
upper limit. When the threshold was raised to 0.80, the error rate was reduced to
4.3%, but the automation rate dropped sharply by 14.1 percentage points. Under the
grid-search-optimal threshold T* = 0.74, an automation rate of 65.3% was achieved
while the risk-control constraint was satisfied. With the dynamic threshold strategy
of the proposed framework, the lowest auto-pass error rate of 4.2% was attained,
while the automation rate reached 78.6%, an improvement of 13.3 percentage
points over the grid-search optimum. This dual optimization is attributed to differ-
entiated thresholds implemented by the dynamic threshold according to different
task characteristics: for low-risk routine travel expense documents, the threshold
was lowered to 0.66-0.68, whereas for high-risk business entertainment expense
documents, the threshold was raised to 0.76-0.79. At the mobile end, only approx-
imately one fifth of documents needed to be processed by accountants, whereas
approximately one third needed to be processed under the optimal fixed threshold.

100

90 ° . ° o
g 80
£ 70
8
£ 60
E 50
(=}
4=
E 40 ® Overall decision accuracy
g 30 ® Auto-pass error rate
Z Automation rate
& 20

10

° ] ® Y
0

Fixed threshold (T=0.7) Fixed threshold (T=0.8) Grid-search optimum Proposed dynamic
(T*=0.74) threshold strategy

Fig. 3. System performance comparison under different threshold strategies

Table 1. Sample distribution under different threshold strategies

Sample Distribution (Automatic Approval/

Threshold Strategy Collaborative Correction/in-Depth Manual Review)
Fixed threshold T=0.70 72.5%/18.3%/9.2%
Fixed threshold T'=0.80 58.49%/25.6%/16.0%
Grid-search optimum 7% = 0.74 65.3%/22.1%/12.6%
Proposed dynamic threshold strategy 78.6%/14.2%/7.2%
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3.3 Convergence and parameter sensitivity of online adaptive
threshold updating

In this experiment, a Monte Carlo simulation method was adopted, and a simu-
lated data stream spanning 50 consecutive accounting cycles was generated accord-
ing to the real data distribution. The initial threshold was set as T, = 0.70, and the
target error rate was set as R, = 5%. Three hyperparameter combinations were
established: a low learning rate (a=0.05, f=0.02), a medium learning rate (= 0.10,
S =0.05, the default setting of the proposed framework), and a high learning rate
(a=0.20, g =0.10). Each group was independently run 30 times, and the average
was taken.

Table 2. Convergence performance of adaptive threshold updating under different learning rate configurations

Learning Rate Convergence Steady-State Steady-State Auto-Pass Steady-State Threshold Overshoot
Configuration Cycles Threshold Mean Error Rate Fluctuation (Standard Deviation)
Low learning rate 24 0.738 5.04% 0.008 0.6%
(a=0.05, 5=0.02)
Medium 14 0.742 4.96% 0.021 1.2%
learning rate
(x=0.10, = 10.05)
High learning rate 7 0.756 5.11% 0.047 3.8%
(e=0.20, 8=0.10)

As shown in Table 2, 24 cycles were required for convergence under the low
learning rate configuration, and the cumulative suboptimal decision loss during this
period cannot be neglected. Although convergence was achieved within 7 cycles
under the high learning rate configuration, the steady-state auto-pass error rate
reached 5.11%, slightly exceeding the target, and the magnitude of threshold fluctu-
ation was nearly 6 times that under the low learning rate configuration. Excessive
fluctuation would cause frequent changes in the human-AI division-of-labor bound-
ary, leading to process confusion. Under the medium learning rate configuration, the
best balance was achieved, with convergence in 14 cycles, a steady-state error rate
0f 4.96%, and a fluctuation magnitude of 0.021; moreover, its conservative direction
of deviation (slightly below the target value) is more preferable in risk management.
This configuration was adopted in all subsequent experiments.

3.4 User experiment: Evaluation of mobile cognitive load and decision
efficiency

Thirty-two practitioners with more than two years of practical experience were
recruited through a provincial accounting association and randomly assigned to
an experimental group and a control group, with 16 participants in each group.
No significant differences in gender, age, years of practice, or mobile device usage
habits were found between the two groups by analysis of covariance (p > 0.05). The
complete prototype system integrating the dynamic threshold mechanism and cal-
ibrated confidence display was used by the experimental group. A fixed-threshold
(T =0.070) and traditional binary decision system was used by the control group,
in which confidence was displayed as raw Softmax scores without calibration.

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


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

iJIM [ Vol. 20 No. 20 (2026)

Human-Artificial Intelligence Collaborative Decision-Making and Error Control in Mobile Accounting Systems

Review tasks for 200 test documents were completed by each participant on an iPad
Pro, divided into four stages, and task order was balanced by a Latin square design.

As shown in Table 3, an error detection rate of 94.8% was achieved by the exper-
imental group, significantly higher than the 92.1% achieved by the control group
(p = 0.040), and a significantly lower false alarm rate was observed (6.2% vs. 8.7%,
p = 0.046). These results indicate that limited cognitive resources of accountants can
be concentrated on samples genuinely requiring human judgment under the com-
plete human-AI collaborative framework. The average processing time was only
45.2 seconds in the experimental group, compared with 58.7 seconds in the control
group, representing a saving of 23.0% (p < 0.001), which is consistent with the higher
automation rate in the experimental group and the display of only key discrepancy
fields in the human-AI collaborative interface. The National Aeronautics and Space
Administration Task Load Index (NASA-TLX) total score was 38.5 in the experimen-
tal group, significantly lower than 52.6 in the control group (p < 0.001, d =-1.40); the
mental demand and effort subscales were reduced by 14.6 and 15.2 points, respec-
tively. The system usability scale score was 82.3 (excellent) in the experimental
group versus 71.5 (lower end of good) in the control group, and the trust rating was
5.7 versus 4.8 (p = 0.008), indicating better user acceptance for the complete system.

Table 3. Comparison of performance and subjective experience between the experimental group and the
control group in mobile review tasks

Evaluation Indicator Experimental Control Effect Size Statistical
Dimension Group Group (Cohen’s d) Test
Objective Error detection rate 94.8% 92.1% 0.76 t(30)=2.14,p = 0.040
erformance
P False alarm rate 6.2% 8.7% -0.74 1(30)=-2.08,p = 0.046
Average processing 452 58.7 -1.35 1(30)=-3.82,p < 0.001
time (s/document)
Human-AI 87.6% 82.3% 0.70 (30)=1.98, p = 0.057
collaborative
correction accuracy
Subjective | National Aeronautics 38.5 52.6 -1.40 1(30)=-3.95, p < 0.001
workload and Space
Administration Task
Load Index (NASA-
TLX) total score
Mental 35.2 49.8 -1.30 t(30)=-3.67,p=0.001
demand subscale
Effort subscale 401 Do — 1221 1(30)=-341, p=0.002
System System usability scale 82.3 71.5 1.18 £(30) = 3.35, p = 0.002
experience
Xpett Trust rating (1-7 Likert) 5.7 48 101 | (30)=285,p =0.008

3.5 Robustness validation of the error closed-loop control mechanism under
interference scenarios

On the longitudinal simulation platform of Experiment 3, three types of inter-
ference were injected at cycles 20, 35, and 45, respectively: optical character recog-
nition data distribution drift (recognition error rate increased from 3.2% to 8.5%);
emergence of new expense categories (digital service fees accounting for 15%,
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with a rule-matching degree of only 62%); and operator replacement (a senior
accountant with 7= 0.92 replaced by a novice with 7= 0.67).

Table 4. Response performance of the error closed-loop control mechanism under three interference scenarios

Ut D I AT New Steady-State Peak Steady-State Error RN
Interference Type Alarm Adjustment Period (Cycles) Error Rate Rate After Recover of Frequently
Delay (Cycles) J y Y Corrected Fields
Optical character 2 6 8.7% 4.9% —
recognition data
distribution drift
Emergence of new 3 8 7.4% 5.2% 28.6%
expense categories
Operator 1 4 6.8% 4.6% —
replacement

As shown in Table 4, under the optical character recognition drift scenario, an
alarm was triggered by the sequential probability ratio test detection at cycle 2,
the threshold was adjusted to a new steady state over six cycles, and the error rate
after recovery was 4.9%. The emergence of new expense categories was the most
challenging interference: an alarm was triggered at cycle 3; because confidence for
the new expense category was low (mean 0.58), most samples were directly routed
into the in-depth manual review channel; the peak error rate was exposed with a
delay; threshold adjustment required eight cycles; and the steady-state error rate
after recovery was 5.2%, slightly exceeding the target upper limit by 0.2 percent-
age points. However, two fields, service content description and billing cycle, were
identified from correction record analysis, with correction rates as high as 34.2%
and 28.7%, respectively; after targeted submodel retraining was triggered, the recall
of frequently corrected fields was improved by 28.6%. In the operator replacement
scenario, after a change in the operator experience parameter ¥(z) was recognized
by the system, manual review tasks were rematched; preventive task allocation
adjustment was completed as early as cycle 1; a new steady state was reached in
four cycles; and the error rate after recovery was 4.6%. Across the three scenar-
ios, alarms or task adjustments occurred within 1-3 cycles, and adjustment to a
new steady state required 4-8 cycles, indicating favorable robustness and adaptive
recovery capability of the framework. In the new expense category scenario, the
error rate after recovery remained slightly above the 5% target value.

4  CONCLUSION

To address the static division-of-labor boundaries and confidence bias faced by
human-AI collaborative decision-making in mobile accounting systems, a collabo-
rative decision-making and error-control framework based on dynamic confidence
thresholds was proposed. In this framework, confidence calibration was achieved
through Platt scaling; a multi-factor adaptive threshold function and a three-
channel routing decision mechanism were constructed; and selective-risk statistical
monitoring, sequential probability ratio test-driven threshold drift detection, and
correction-record-driven feedback learning were integrated, forming a full-chain
error closed-loop control system. Experimental results indicate that an automation
rate of 78.6% was achieved by the dynamic threshold strategy under an auto-pass
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error rate of 4.2%, representing an improvement of 13.3 percentage points over
the grid-search-optimal fixed threshold. The online threshold updating algorithm
converged to a steady state within 14 cycles. In the user experiment, the average
processing time for accountants was shortened by 23.0%, and cognitive load was
reduced by 26.8%. Under three interference scenarios—optical character recogni-
tion data drift, emergence of new expense categories, and operator replacement—a
new steady state was entered by the system within four to eight cycles. In the optical
character recognition drift and operator replacement scenarios, recovery to within
the 5% target error rate was achieved, whereas in the new expense category sce-
nario, the error rate after recovery was 5.2%, close to but still slightly above the target
value. A theoretical foundation and technical solution are thereby provided for the
systematic engineering deployment of human-Al collaborative decision-making
in mobile accounting scenarios, and the core method can also be extended to the
design of intelligent decision systems in other professional fields at the mobile end.
Large language model-driven accounting semantic understanding and confidence
assessment, as well as the application of multi-agent collaborative decision-making
frameworks in financial scenarios, will be explored in future work.
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