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Abstract—A linear correction model based on joint
independent information is proposed to optimize the statistical
inference performance in high-dimensional data and small sample
scenarios by integrating Fiducial inference and Bayesian posterior
prediction methods. The model utilizes multi-source data features
to construct a joint independent information framework,
combined with an information domain dynamic correction
mechanism, significantly improving parameter estimation
efficiency and confidence interval coverage. Numerical simulation
shows that when the sample size is 30, the posterior prediction
method has a coverage rate of 0.927, approaching 95% of the
theoretical value, and the coverage probability approaches the
ideal level with increasing sample size. Compared with traditional
methods, the model exhibits stronger adaptability and stability in
high-dimensional noise covariance and dynamic data streams,
providing an efficient and robust theoretical tool for statistical
inference in complex data environments.
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. INTRODUCTION

Accurate analysis and interpretation of data are crucial in
numerous scientific research fields and practical production and
life scenarios. Statistical inference, as one of the core
components of data analysis, aims to infer the characteristics and
patterns of the population through the study of sample data,
thereby providing reliable basis for decision-making [1, 2].
However, the actual collected data is often affected by various
factors, resulting in a certain degree of error and bias, which
poses a challenge to the accuracy of statistical inference. The
linear correction model, as an important data processing tool,
plays a crucial role in solving data errors and improving the
reliability of statistical inference. It is based on the assumption
of linear relationships, and by appropriately transforming and
adjusting the data, it can effectively correct systematic biases in
the data, making statistical inference results more realistic [3].
From a theoretical development perspective, the research on
linear correction models has undergone multiple stages of
evolution. Early linear correction models were relatively simple,
but with the continuous advancement of mathematical theory
and computational techniques, the complexity and adaptability
of the models have been significantly improved, enabling them
to handle more complex data structures and error patterns [4, 5].
Nowadays, linear correction models have been widely applied
in many fields such as medicine, economics, environmental
science, engineering technology, etc. In the medical field, linear
correction of Magnetic Resonance Imaging signals can
eliminate device measurement errors and improve the accuracy

of clinical diagnostic data. In the field of economics, market
forecasting algorithms correct model biases and enhance the
reliability of macroeconomic trend analysis. In the field of
environmental science, sensor data from air quality monitoring
networks is dynamically linearly corrected to reduce the
interference of systematic errors on pollution trend analysis. In
the field of engineering technology, linear models significantly
reduce the computational burden caused by high-frequency
updates in real-time satellite clock calibration. In the field of
artificial intelligence, high-dimensional sensor data from
Internet of Things devices is suppressed by dynamic calibration
models to ensure real-time data reliability. With the explosive
growth of data volume and the increasing complexity of data
types, the stability and efficiency of linear correction models in
high-dimensional data environments have decreased. Therefore,
to construct a more efficient and stable linear correction model
and improve the statistical inference ability of the model in small
sample situations, the theoretical system of the linear correction
model is systematically reviewed, and a linear correction model
based on joint independent information is constructed to
statistically infer the independent variables in the data prediction
model.

When dealing with high-dimensional data and small sample
scenarios, traditional methods assume a single data source or
fixed error covariance, making it difficult to effectively integrate
heterogeneous data from multiple sources, resulting in low
parameter estimation efficiency and significant confidence
interval coverage bias. In response to the above issues, this study
aims to construct a joint independent information-driven linear
correction model, which integrates Fiducial inference and
Bayesian posterior prediction methods to achieve the following
goals: improve statistical inference efficiency under high-
dimensional noise covariance, and solve the problem of
insufficient stability of traditional methods in complex data
structures. The research results can provide efficient and robust
statistical inference tools for fields such as medical image
correction, environmental monitoring, and industrial Internet of
Things, promoting the theoretical deepening and application
expansion of linear correction models in data science.

The study innovatively proposes a linear correction model
based on jointly independent information, with its primary
advantage lying in the integration of Fiducial inference and
Bayesian methods to resolve the issues of low efficiency and
significant coverage bias in confidence interval estimation for
traditional models under high-dimensional data and small-
sample scenarios. The core contributions include constructing a
joint independent information framework to integrate multi-
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source data features, significantly enhancing parameter
estimation efficiency. Technical Integration: Inverse parameter
distribution analysis is combined with Bayesian posterior
predictive correction to optimize confidence interval coverage
through Fiducial inference. Adaptability Enhancement: A
dynamic information domain correction mechanism is
introduced to improve the model's adaptability to complex data
structures, thus providing an efficient and stable statistical
inference tool for high-dimensional environments.

The main structure of the study is divided into five sections:
Section Il is a review of the current research status of linear
correction models. Section 111 is the estimation method for the
parameter interval of the linear correction model. Section 1V is
the numerical simulation analysis of model parameter interval
estimation. Section V details the discussion. Section VI is a
summary of the research content.

Il. RELATED WORKS

The linear correction model is mainly used to eliminate
systematic errors or biases, thereby improving the accuracy and
reliability of data. Zhang R et al. proposed a new mathematical
model for correcting the contact and separation conditions to
address the inaccuracy of classical piecewise linear models in
describing the dynamic behavior of mechanical systems with
gaps. The results showed that the new model explained the
premature separation and contact hysteresis phenomena of the
primary system, and its contact point, separation point, and
amplitude frequency response were significantly different from
those of the classical model [6]. Sun T et al. proposed a method
for calculating asymptotic bias and developing bias correction
to address the issue of measurement error impact on matrix data
in generalized linear models. The results showed that this
method effectively addressed the impact of measurement errors,
and its statistical properties have been validated through
synthesis and analysis of real datasets [7]. Li H et al. proposed
an improved real-time service method using extrapolation
algorithms and linear models to address the computational
burden and timeliness challenges caused by frequent updates in
real-time satellite clock calibration. The results showed that a
satellite clock correction sequence with a one-hour arc length
was most suitable for fitting the Lauch-Dong-Streebel linear
model [8]. EIHorbaty Y S et al. proposed a permutation test
method using analysis of variance to test for zero variance
components in generalized linear models, which only requires
fitting the zero model. The results showed that, through Monte
Carlo simulation verification, the new test had a correct Class |
error rate and was superior to existing bootstrap score tests [9].
Maksaei N et al. proposed a local influence method based on
correction score function and Ridge estimation to evaluate the
impact of small data disturbances in linear mixed measurement
error models. The results showed that simulation studies and real
data applications demonstrated that this method could
effectively identify influential observations and demonstrate
good diagnostic performance [10].

Wang P et al. proposed a magnetic structure coupling
correction model based on classical axial vibration model and
image method to investigate the influence of magnetic structure
coupling on winding short circuit during transformer axial
vibration process. The results showed that compared with the
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classical model, the vibration amplitude increment of the
magnetic structure coupling correction model was smaller [11].
Gibiansky et al. proposed a bivalent binding model considering
a 2:1 stoichiometric ratio to address the issue of neglecting
double binding sites in monoclonal antibody pharmacokinetic
models, and studied its effects through simulation. The results
showed that the unit price model could not accurately describe
the data of the divalent model, and a model with correct
stoichiometric assumptions need to be used [12]. Emami H et al.
proposed diagnostic measures based on case deletion, mean shift
outlier model, and corrected likelihood to address the issue of
identifying influential observations in some linear models. The
results showed that both manual examples and real data
examples validated the performance of these methods,
demonstrating their effectiveness in identifying potential
outliers [13]. Chang H et al. proposed an accurate closed form
bias correction method to address the bias issue of linear
regression estimators in randomized controlled trials pointed out
by Freedman. The results showed that the estimator after bias
correction had the same limit distribution as the uncorrected
estimator [14]. Li L et al. proposed a direct standardization
algorithm for transfer component analysis that combines
nonlinear and linear correction to address the issue of
insufficient prediction accuracy caused by consistency between
near-infrared spectrometers. The experimental results showed
that the direct standardization algorithm of transfer component
analysis was superior to traditional methods on public datasets,
significantly improving the model transmission performance
[15].

The linear correction model, as an important statistical tool,
has demonstrated strong application potential in multiple fields.
In recent years, with the development of methods such as
dynamic correction, high-dimensional data correction, and
robust correction, significant progress has been made in the
research of linear correction models. However, linear correction
models still have low processing efficiency and noise covariance
issues in high-dimensional data processing. Therefore, the study
proposes to construct a univariate linear correction model and
adjust its confidence interval to improve statistical inference
performance.

I1l. METHODS AND MATERIALS

A. Linear Correction Model Based on Fiducial Inference

The core of a linear correction model is to establish a linear
relationship between input variables and output variables. When
using a single variable, its general expression is shown in Eq.

(2):
y. =xb+e (1)

In Eg. (1), y, represents the observation value to be
corrected; S represents the input variable; & represents the

vector of correction coefficients to be estimated; & stands for
random error term. The random error term of offline calibration
models is usually assumed to follow a normal distribution with
a mean of 0. According to different application scenarios, the
univariate linear correction model can be adjusted to
multivariate joint correction, dynamic linear correction, and
linear correction with errors [16]. If the calibration data for the
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target to be calibrated comes from different experimental data,
it is necessary to consider the impact of joint independent
information on the linear calibration model. The research
assumes that there is a set of data from different experiments
with different variances, which satisfies the calibration model as
shown in Eq. (2).

Vi =& +b,xj+gij,i=LZ,---,k;j=L12,m,n @

In Eq. (2), k represents the number of data sources; n
represents the number of independent response variables; x;

represents the actual value of the j th unit; y; represents the
measurement values related to X; obtained from the i th

experimental plan; a, and b, represent unknown parameters.

Corresponding to the uncorrected observations from different
sources to an explanatory variable, the model also conforms to
the predictive model shown in Eq. (3) [17].

Yo =& +h0+&0,1=12,-k @3)

In Eq. (3), & represents the explanatory variable of the
unknown value. The random term errors in both the calibration
model and the prediction model follow a normal distribution
with a mean of 0, and the random error terms of the two models
are independent of each other. The univariate linear correction
model based on joint independent information can estimate &
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In the linear correction model based on joint independent
information in Fig. 1, the estimation efficiency of the correction
coefficient to be estimated is relatively low. Fiducial inference
is a statistical inference method that attempts to provide a
different approach to dealing with uncertainty than the
frequency school and Bayesian school. It can effectively
improve the estimation efficiency and prediction accuracy of
linear correction models for estimating parameters. Therefore,
the study proposes using Fiducial inference to improve the joint
independent information linear correction model. The core of
Fiducial inference lies in determining the distribution of
parameters through reverse data analysis, rather than directly
estimating parameters based on sample data. The application
steps of Fiducial inference are shown in Fig. 2 [20, 21].

As shown in Fig. 2, when applying Fiducial inference, it is
necessary to first set up the model, and a linear correction model
can be directly used here. After determining the model,
parameter inversion is performed and a Fiducial distribution is
constructed. Subsequently, the Fiducial distribution is used to
calculate the confidence interval of the estimated parameter,
adjust the predicted value, and perform prediction correction
[22]. Fiducial inference assumes that there is a known random
variable distributed in the random error space, and the function
of parameters from Qx¢ to y satisfies the relationship shown

in Eq. (4).
X% = h(#, E)

based on the response variables in Eq. (2) and Eq. (3). The “)
general steps of the linear correction model are shown in Fig. 1
[18, 19].
" Parameterestimation |
Least square Ridge Robust ‘
‘ - ] l method Regression Regression
Input variable Liiiiii 777777J
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% Model verification |
v
Data cleaning ‘ Residual Cross Evaluation ‘
‘ ,L ‘ ‘ analysis verification index ]
‘ Reference data ‘
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e
Fig. 1. Building the steps of the linear correction model.
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Fig. 2. The Application steps of Fiducial inference.
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InEq. (4), n7 represents the parameter; E represents known
random variables. If all parameters are included in Q and any
xey,eee, x=h(n,e) has a unique solution 7, (e) in the
solution space, the distribution of 7, (E) can be called 7
distribution, and the distribution of 6(, (E)) can be called

6 =0(n) distribution. According to the above derivation, the

Fiducial distribution of the parameters of the linear correction
model is shown in Eq. (5):

F (0)=Pr(6(n,(E))<0)
©)

InEq. (5), F (0) isintheinterval [0, 1], and F, (&) is non-
decreasing with respect to 6. At this point, the Fiducial interval
of the parameter can be calculated. For any number « in the [0,
1] interval, the 1- o Fiducial lower boundary of & is shown in

Eqg. (6):

6,x=sup{0:F,(0)<af
0O (6)

In a linear correction model, a function R(X;x&) is
defined. X represents a random variable, & represents a

parameter that is related to the interest and dislike parameters,
and X represents the observed value of the random variable Xx.
The distribution of the random variable X is related to the
parameter & . Function R(X;x,&) satisfies two basic
conditions. Firstly, the distribution of the function is
independent of the parameter & = (0, 77) . Secondly, the observed
values of this function have a low correlation with the aversion
parameter. The function R(X;x, 5) is the generalized pivot

quantity and the subset of the sample space of the function
satisfies Eq. (7):

P(R(X;x,¢)eC,)=1-a,0<a<l @

In Eq. (7), C, represents a subset of the sample space of the

function. According to Eq. (7), the subset of parameter space
satisfies Eq. (8):

0, (r)={0e0R(x;x.¢)eC,} @

Eq. (8) is the generalized confidence interval of the interest
parameter. The confidence interval will have an impact on the
linear correction results, and the linear correction problem can
be transformed into a G-H problem. In the G-H problem, the
confidence coefficient of the bounded confidence interval is 0,
and the correction of the confidence interval is based on the

models (yi,xi) and Y, . Firstly, it is necessary to calculate and
y , as shown in Eqg. (9):
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©)
The least squares estimation of b, and b, are represented by
b, and b, , and the calculation of b, and b, isshown in Eq. (10):

= (10)

(11)

According to Eq. (11), it is assumed that as n approaches

Zn:(xi -x)’

infinity, = also tends to a constant. At this point, the

information domain is introduced, as shown in Eq. (12):

Q, ={0:/0-x|<B,}

InEq. (12), & =°(Yn).

B. Confidence Interval Correction and Parameter Interval
Estimation of Linear Correction Model

After establishing the linear correction model, it is necessary
to revise its confidence interval and estimate the parameter
interval. When performing confidence interval correction on a
linear calibration model, it is necessary to first provide the
generalized confidence interval of the linear calibration model.
For the data in the linear correction model, it is necessary to first

calculate statistics such as ¥,, X, S, , and S?, and use the

(12)

A

least squares method to estimate 4 and b, . Based on the

properties of the model, Eq. (13) can be obtained [23]:

Yio = YN (bi(e —-x), 1+ %)0'12)
B: Nk (b’z_)’i xZ(n _ 2)

5.
Sxx o}

(13)

By using variable transformation, and b, =b,/S, |,
(0-%)

)

6, = can obtain Eq. (14),

XX
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byS, ' =y+BE
—d

Y, -Y

D=0 _ g +BE,
l

f1+—
n

L = BE,

(14)

In Eq. (14), y represents the disliked parameter in
generalized p-value calculation, and the elements in
Ey, E,: Ne(0,1,) and E; satisfy the conditions shown in Eq. (15):

el x*(n—2) (15)
All elements in E; are independent of each other, and based

on this, a generalized pivot quantity R(Y;y,el,bl,z) can be

constructed. The construction steps of the generalized pivot
quantity are shown in Fig. 3 [24].

g N
Start oy
Genetic —® The optimal
o operation individual?
)
Initialize Y i
population
B
o—-a Py End
—> il —>
Fitness value Individual
allocation selection

Fig. 3. Construction steps of generalized pivot quantity.

After constructing the generalized pivot quantity, the
generalized confidence interval of the model can be determined.

A A a .
It assumes that R, and R, are the 1005% quantile and

100[1—%)% quantile of the generalized pivot distribution,

respectively, then Eq. (16) can be obtained:
P(F§L<R(Y;y!611b112)<|§u)=1—a (16)

According to Eq. (16), G(Y):(IQL,FQU) is the 100(1-a)

generalized confidence interval of the interest parameter 6 .
Monte Carlo simulation is a computational method based on
probability and statistics theory, also known as statistical
simulation method. Its core is to use a large number of random
numbers for simulation experiments, and the generalized
confidence interval of the interest parameter @ can be obtained

using this method. X, V,, and |, are calculated for a given set
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of data (X%, %) and y=(y, Y, YniYo) - For
i=12,--,k, Eq. (17) can be generated:

E1~Nk(ol|k)1E2j ~Nk(0’|k)1ej2j '"Zz(n_z) 17

By calculating the generalized pivot quantity, the
generalized confidence interval of &, can be obtained. The
modified generalized confidence interval is shown in Eq. (18):

Cg(y):(max{liL,Y—Bn}min{ﬁu17_8"}) (18)

In Eq. (18), B, represents information domain related

parameters that satisfy |@—X|<B, 's adjustable correction

interval for values. In summary, when obtaining the generalized
confidence interval of a linear correction model and correcting
it, the relevant statistics and parameter estimates are first
calculated based on the model data, and the generalized pivot
quantity is constructed through variable transformation. Due to
the difficulty in obtaining its distribution, Monte Carlo
simulation is used to determine the generalized confidence
interval by generating random numbers for a specific
distribution multiple times. To optimize the performance of the
confidence interval, the information domain is introduced for
correction. The modified generalized confidence interval is
obtained by taking the maximum value of the range related to
the original generalized confidence interval and the information
domain. After obtaining and correcting the generalized
confidence interval, it is necessary to modify the post confidence
interval of the linear correction model. The determination of
prior distribution requires the use of Fisher information matrix

-1
to obtain the Jeffreys priors ofa, b, and X in the univariate
linear correction model with joint independent information, as
shown in Eq. (19):

1 1

(@, f.Y) Y P 9)

Based on the linear correction model, an expression for the
prior distribution is derived, which in turn leads to the posterior
distribution of a given b and o, , and the posterior distribution

ofb'sand o givenc . On this basis, the posterior predictive
distribution of Y,"* (i=1,2,---,n+1) is obtained. When b and

> are known, the least squares estimation of the interest
parameter & can be obtained. When ¢ and X are unknown,

the corresponding estimation values are introduced to 6,and a
generalized pivot quantity is constructed. Due to the difficulty
in obtaining the distribution of pivot quantities, numerical
Monte Carlo simulations are used to obtain the confidence
interval for 6. Its confidence interval is adjusted based on the
information domain. When constructing a posterior prediction
distribution, it is necessary to use the Fisher information matrix
to determine the prior of the relevant parameters. Parameter
posterior prediction distribution is derived based on prior
knowledge. Then, based on b and whether it is known or not,
an estimated value of interest parameter b is obtained and a
pivot quantity is constructed. The confidence interval of interest
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parameter @ is obtained through Monte Carlo simulation.
Finally, to optimize the confidence interval, the information
domain is used for correction, resulting in a more reasonable
posterior prediction interval and improving the accuracy and

Vol. 16, No. 5, 2025

reliability of estimating the interest parameter & . The study uses
numerical simulation methods to validate the interval estimation
method of the linear correction model, as shown in Fig. 4.

Initializes the current Calculate the target Q CEIEMETD Ui 26T
> square error loss
state value .
function
v i) v
REGLEA) sampllng LA Update the current
Actor current network the experiential
network parameters
playback pool
Perform action a State transition
v 4 Does it meet the
Get the next status and Put in the experience condition?
reward playback pool

Does it meet the
condition?

A

Fig. 4. Numerical simulation validation steps for interval estimation.

In Fig. 4, the numerical simulation operation steps can be
divided into three parts. Firstly, the simulation setting is carried
out using Monte Carlo simulation method, with 2500 x 5000
cycles. The explanatory variables are set to have a mean of 0.5
and a variance of 1. From this distribution, specific values are
selected for different sample sizes and other model parameters
are determined. Next is to determine the value of 6, . Finally,

there is simulation calculation, which calculates the coverage
probability and interval length of each confidence interval to
evaluate its goodness.

IV. RESULTS

When verifying the feasibility of the interval estimation
method for the linear correction model designed in the study, the
Monte Carlo simulation method was used. This method is a
numerical calculation method based on probability and statistics
theory. Its core idea is to simulate various uncertain factors using
random numbers through a large number of random
experiments, and then solve problems in fields such as
mathematics, physics, and engineering. This method requires
determining a probability model or stochastic process related to

the problem, so that the problem to be solved can be represented
by certain statistical features of this model. Next, computer-
generated random numbers conforming to a particular
distribution were used to simulate multiple repeated trials of that
probabilistic model or stochastic process. Finally, an
approximate solution to the problem was obtained by
statistically analyzing the results of these simulations. The
values of the explanatory variables for the numerical simulation
setup of the study are shown in Table I.

In Table I, the study set up three different sets of data, with
the first set consisting of 10 data points, the second set consisting
of 20 data points, and the third set consisting of 30 data points.
The highest X value for the first set of data was 2.3, and the
lowest was -0.6. The second set of data had a maximum X value
of 1.5 and a minimum X value of -2.3. The highest X value for
the third set of data was 2.6, and the lowest was -1.4. In the
numerical simulation process, let k be 3, intercept a be (1, 1,
1), and X be diagonal matrices with diagonals of 1, 2, and 3,
respectively. The numerical simulation results of the first set of
data are shown in Table II.

TABLE I THE VALUES OF THE EXPLANATORY VARIABLES FOR THE NUMERICAL SIMULATION
n X
10 -0.4 01 0.6 14 -0.8 0.4 23 -0.6 -0.4 17
20 03 04 16 0.6 0.4 -0.6 -1.3 -2.1 -2.1 -1.6
2.6 13 12 -2.0 15 17 0.5 -1.6 -2.2 0.4 2.3
-0.4 0.3 0.5 1.6 -0.6 -1.2 13 2.4 25 -1.3
30 -1.2 13 2.0 0.6 -1.3 -0.4 21 15 17 1.8
-0.6 -1.3 -0.9 1.6 13 -0.7 16 -1.8 0.5 0.6
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TABLE II. RESULTS OF THE NUMERICAL SIMULATIONS OF THE FIRST SET OF DATA
n 0 bl Method
1,2,3) (2,1,5) (3,4,10)
0.892 0.924 0.946 Generalized confidence intervals and corrections
0.931 0.944 0942 Confidence interval and correction of posterior prediction
method
0.952 0.945 0.932 Generalized confidence intervals and corrections
0.5 ; ; i ; ioti
0.944 0.942 0.956 Confidence interval and correction of posterior prediction
method
0.974 0.964 0.944 Generalized confidence intervals and corrections
10 0 ; i ; i ioti
0.941 0.948 0943 Confidence interval and correction of posterior prediction
method
0.935 0.942 0.946 Generalized confidence intervals and corrections
-0.5 : ; ; ; it
0.933 0.953 0948 Confidence interval and correction of posterior prediction
method
0.883 0.921 0.934 Generalized confidence intervals and corrections
-1 . . . . .
0.924 0.946 0942 Confidence interval and correction of posterior prediction

method

As shown in Table I, after correction, its confidence interval
was more in line with the requirements. When b, was (1, 2, 3)
and b, was -1, the confidence interval coverage probability of
the posterior prediction method was 0.924, while the generalized
confidence interval was only 0.883. The confidence intervals of
the posterior prediction method were closer, and as b
increased, the confidence intervals of both methods gradually
approached 0.95. When b, was (1, 2, 3), taking different values
resulted in significant fluctuations in the coverage probability of
the generalized confidence interval; When b, was (3, 4, 10), the
coverage probability was relatively closer to 95%. Overall, in
terms of sample size, confidence intervals based on posterior
prediction distributions outperformed generalized confidence
intervals in terms of coverage probability. The numerical

simulation results of the second set of data are shown in Table
1.

Table Il shows the coverage probabilities of different
confidence intervals in the linear correction model. This table

compares the coverage probabilities of generalized confidence
intervals and corrections, based on posterior prediction methods
at different values. When b, was (1, 2, 3) and @ was 1, the

confidence interval coverage probability of the posterior
prediction method was 0.916, while the generalized confidence
interval was 0.896. Meanwhile, the coverage probability of the
generalized confidence interval might differ significantly from
95% in some cases, but as it increased, its coverage probability
gradually approached 95%. For example, when b, was (3, 4,

10), the coverage probability of the generalized confidence
interval was closer to 95% for each value. In addition, as the
sample size increased from 10 to 20, the coverage probabilities
of both confidence intervals became closer to 95%. This
indicated that when the sample size was 20, the confidence
interval of the posterior prediction distribution performed better
in terms of coverage probability, and an increase in sample size
helped to improve the accuracy of the confidence interval
coverage probability. The numerical simulation results of the
third set of data are shown in Table IV.

TABLE Ill.  RESULTS OF THE NUMERICAL SIMULATIONS OF THE SECOND SET OF DATA
n IZ) bl Method
(1,2,3) (2,1,5) (3,4,10)
0.896 0.912 0.945 Generalized confidence intervals and corrections
0.916 0.943 0.946 Confidence interval and correction of posterior prediction
method
0.952 0.945 0.933 Generalized confidence intervals and corrections
0.5 ; i i i icti
0.945 0.952 0.956 Confidence interval and correction of posterior prediction
method
0.977 0.965 0.947 Generalized confidence intervals and corrections
20 0 ; i i i icti
0.942 0.946 0943 Confidence interval and correction of posterior prediction
method
0.937 0.944 0952 Generalized confidence intervals and corrections
-0.5 . . . . ..
0.936 0.955 0943 Confidence interval and correction of posterior prediction
method
0.888 0.928 0.936 Generalized confidence intervals and corrections
-1 . . . . ..
0923 0.948 0.946 Confidence interval and correction of posterior prediction

method
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TABLE IV.  RESULTS OF THE NUMERICAL SIMULATIONS OF THE THIRD SET OF DATA
n 0 bl Method
(1,2,3) (2.1,5) (3.4,10)
0.892 0.911 0.945 Generalized confidence intervals and corrections
0.912 0.943 0.949 Confidence interval and correction of posterior prediction
method
0.920 0.932 0.936 Generalized confidence intervals and corrections
0.5 i i i i icti
0.946 0.947 0.959 Confidence interval and correction of posterior prediction
method
0.976 0.965 0.944 Generalized confidence intervals and corrections
30 0 i i i i icti
0.942 0.941 0947 Confidence interval and correction of posterior prediction
method
0.936 0.943 0955 Generalized confidence intervals and corrections
-0.5 ; i i i icti
0.938 0.955 0.946 Confidence interval and correction of posterior prediction
method
0.886 0.926 0.933 Generalized confidence intervals and corrections
-1 . . . . —
0.924 0.943 0941 Confidence interval and correction of posterior prediction
method
TABLE V. COMPARATIVE ANALYSIS OF LINEAR CORRECTION MODELS
Method Applicable scenarios Computing efficiency Confidence interval coverage (sample size=30)

Traditional Fiducial inference Low dimensional data, large sample size

Bayesian calibration model Small sample, stable data structure
Generalized linear model Medium-dimensional data
Dynamic linear correction model Real time data stream

This method

High dimensional data, small sample size

Medium 0.898
Low 0.912
High 0.885
High 0.902
High 0.927

According to Table IV, after correction using the posterior
prediction method, the confidence interval was closer to 0.95
and the coverage level was better. The confidence interval
coverage probability of the posterior prediction method was
0.927, while the generalized confidence interval was 0.898. The
coverage probability of the generalized confidence interval
might deviate significantly from 95%, but as it increased, its
coverage probability approached 95%. For example, when b,
was (1, 2, 3), the generalized confidence interval coverage
probability fluctuated significantly. b, had a relatively stable

coverage probability of (3, 4, 10) and was closer to 95%. As the
sample size increased from 10 and 20 to 30, the coverage
probability of both confidence intervals approached 95%,
indicating that increasing the sample size can improve the
performance of coverage probability. Overall, when the sample
size was 30, the confidence interval based on posterior
prediction distribution performed better in terms of coverage
probability. The study further compared the performance of the
research-designed method with other current methods, and the
results are shown in Table V.

The research-designed model achieved a coverage rate of
0.927 at a sample size of 30, significantly better than traditional
Fiducial methods and generalized linear models, highlighting its
superiority in small sample scenarios. Although Bayesian
methods performed moderately, they relied on prior
distributions and had limited flexibility. Integrating Fiducial
inference (reverse parameter analysis) with Bayesian posterior
prediction reduced redundant iterations and achieved efficiency
comparable to GLM while maintaining high accuracy.

V. DISCUSSION

A. The Significance of Research Results

The joint independent information linear correction model
proposed in the study significantly improved the accuracy and
efficiency of statistical inference in high-dimensional data and
small sample scenarios by integrating Fiducial inference and
Bayesian methods. Simulation experiments showed that when
the sample size was 30, the confidence interval coverage of the
posterior prediction method reached 0.927, approaching the
theoretical 95% confidence level, which has significant
advantages over traditional Fiducial methods and generalized
linear models. This result validated the effectiveness of the
model in reducing coverage bias and enhancing the robustness
of parameter estimation. Especially in high-dimensional noise
covariance and dynamic data stream scenarios, the model
achieved adaptive adjustment of complex data structures
through information domain dynamic correction mechanism.

B. Comparative Advantages with Existing Methods

Compared with traditional methods, the innovation of
research-designed model mainly lies in their high-dimensional
adaptability: although existing methods support real-time data
streams, their ability to handle high-dimensional noise
covariance is limited. This study significantly improved
computational stability in high-dimensional environments by
integrating multi-source data features through a joint
independent information framework. Dynamic correction
capability: The information domain dynamic correction
mechanism integrates background knowledge and data features
to solve the limitations of traditional Bayesian methods that rely
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on fixed prior distributions, demonstrating stronger scene
adaptability in industrial manufacturing multi-sensor systems.
Balancing efficiency and accuracy: Fiducial's reverse parameter
distribution analysis reduces the iterative redundancy of
Bayesian posterior prediction, allowing the model to maintain
high coverage while maintaining computational efficiency
comparable to generalized linear models, making it suitable for
resource constrained real-time systems.

C. Actual Application Potential

The research-designed method has broad application
prospects in medical image analysis, environmental monitoring,
and industrial Internet of Things. In the medical field, B1 non-
uniformity correction of MRI signals can be combined with
dynamic correction in the information domain to improve image
signal-to-noise ratio. In the field of environmental monitoring,
in the fusion of multi-source precipitation data, the model can
dynamically integrate meteorological station and satellite data to
reduce systematic bias. In the field of industrial Internet of
Things, dynamic calibration of real-time sensor data streams can
optimize manufacturing process monitoring and reduce
equipment anomaly false alarm rates.

VI. CONCLUSION

The study successfully improved the accuracy and reliability
of statistical inference by constructing a linear correction model
based on joint independent information and combining it with
Fiducial inference method. The research results indicated that
the confidence interval correction method designed in the study
had better performance, especially in small sample situations,
where the confidence interval coverage probability of the
posterior prediction method was closer to the 95% confidence
level. The specific data showed that when the sample size was
10, the confidence interval coverage probability of the posterior
prediction method was 0.923, while the generalized confidence
interval was 0.889. When the sample size increased to 30, the
confidence interval coverage probability of the posterior
prediction method was 0.927, and the generalized confidence
interval was 0.898. In addition, as the sample size increased, the
coverage probabilities of both confidence intervals were closer
to 95%, indicating that an increase in sample size helps to
improve the accuracy of the confidence intervals. The study also
found that in some cases, the generalized confidence interval had
a large deviation between the coverage probability and 95%, but
as the sample size increased, its coverage probability gradually
approached 95%. For example, when the sample size was 30,
the fluctuation of the coverage probability of the generalized
confidence interval was significantly reduced, and the coverage
probability was relatively stable and closer to 95%. This
indicated that confidence intervals based on posterior prediction
distributions performed better in larger sample sizes. The study
validated the effectiveness and stability of a linear correction
model based on joint independent information in processing
high-dimensional data through numerical simulations. The
research results provide new theoretical support and
methodological improvements for linear correction models in
high-dimensional data environments, and have important
theoretical and practical value. However, the statistical inference
correction model designed for research cannot meet the
requirements for model inference correction when dealing with
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multivariate problems. Future research will focus on highly
coupled multivariate data and propose to introduce tensor
decomposition techniques and graph model structures to address
the problem of insufficient representation of complex
correlation structures in current models by characterizing the
nonlinear relationships and topological dependencies between
variables. At the same time, for large-scale data, it plans to
combine distributed computing architecture and hardware
acceleration technology to design layered iterative algorithms to
reduce memory usage. Low-level approximations and sparse
representations of model parameters are also explored to
compress computational complexity while ensuring statistical
performance.
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