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Abstract: The endpoint carbon content in the converter is critical for the quality of steel products, and accurately predicting this paramet-
er is an effective way to reduce alloy consumption and improve smelting efficiency. However, most scholars currently focus on modify-
ing methods to enhance model accuracy, while overlooking the extent to which input parameters influence accuracy. To address this issue,
in this study, a prediction model for the endpoint carbon content in the converter was developed using factor analysis (FA) and support
vector machine (SVM) optimized by improved particle swarm optimization (IPSO). Analysis of the factors influencing the endpoint car-
bon content during the converter smelting process led to the identification of 21 input parameters. Subsequently, FA was used to reduce
the dimensionality of the data and applied to the prediction model. The results demonstrate that the performance of the FA–IPSO–SVM
model  surpasses  several  existing methods,  such as  twin support  vector  regression and support  vector  machine.  The model  achieves  hit
rates of 89.59%, 96.21%, and 98.74% within error ranges of ±0.01%, ±0.015%, and ±0.02%, respectively. Finally, based on the predic-
tion results obtained by sequentially removing input parameters, the parameters were classified into high influence (5%–7%), medium in-
fluence (2%–5%), and low influence (0–2%) categories according to their varying degrees of impact on prediction accuracy. This classi-
fication provides a reference for selecting input parameters in future prediction models for endpoint carbon content.

Keywords: converter; endpoint carbon content; parameter classification; factor analysis; improved particle swarm optimization; support
vector machine

 

 1. Introduction

Precise control of carbon content is a critical aspect of the
converter  steelmaking  process.  Excessively  high  endpoint
carbon  content  reduces  the  FeO  content  in  the  slag [1],
whereas  excessively  low  endpoint  carbon  content  leads  to
over-oxidation of the molten steel and increases the deoxida-
tion requirements in subsequent processes. In most Chinese
enterprises,  the  management  of  this  process  typically  em-
ploys a model of human−machine collaboration, but the pro-
portion of human factors still remains relatively high. Tech-
niques such as catch carbon practice, carbon pick-up practice,
and high-carbon turndown practice are commonly employed
to regulate the endpoint carbon content, which requires a high
level of technical expertise from operators. However, manu-
al  judgment  errors  often  lead  to  deviations  in  the  endpoint
carbon content, resulting in unnecessary resource and energy
consumption. As a result, relying mainly on manual experi-
ence is insufficient to meet the demands of modern produc-
tion [2–4].

With the continuous advancement of artificial intelligence
technology, significant progress has been achieved in the in-
telligent transformation of the steel industry [5]. The devel-

opment of converter endpoint prediction models has greatly
enhanced  the  efficiency  and  quality  of  smelting  processes.
Currently, extensive research has been conducted on predict-
ing  endpoint  carbon  content  in  converters.  For  example,
Zhang et al. [6] developed a converter carbon content predic-
tion model by combining affinity propagation clustering with
radial basis function networks to predict the endpoint carbon
content  of  Q235B  steel.  This  model  offered  a  promising
method  for  endpoint  carbon  content  prediction.  The  model
achieved a hit rate of 93.75% when the error range was with-
in ±0.025%. Similarly, Liu et al. [7] established a prediction
model  for  the  endpoint  carbon  content  of  HRB4Nb-8  steel
using  the  t-distributed  stochastic  neighbor  embedding
(t-SNE),  particle  swarm  optimization  (PSO),  and  back-
propagation (BP) network. Their model achieved a hit rate of
98%  when  the  error  range  was  within  ±0.02%.  Compared
with  manual  control,  these  models  significantly  improved
prediction accuracy.

In practical production scheduling, steel grade transitions
occur  frequently,  necessitating  a  broader  application  scope
for endpoint prediction models. Li et al. [8] proposed a pre-
diction model  for  endpoint  carbon content  in  converters  by
integrating the BP network with a nonlinear least squares al- 
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gorithm. While the model achieved a hit rate of 80% within
an error range of ±0.025%, its performance was suboptimal
when processing large-scale data, and its hit rate remained re-
latively low. To enhance hit efficiency and model applicabil-
ity for  large-scale data,  further  studies were conducted.  Liu
et al. [9] applied principal component analysis (PCA) to re-
duce data dimensionality and developed a prediction model
using a genetic algorithm-optimized backpropagation (GA–
BP) network to forecast  the endpoint carbon content across
multiple steel grades. Wang et al. [10] built on a three-stage
decarburization  theory  and  considered  factors  such  as  oxy-
gen lance height and top-blown oxygen flow rate. They em-
ployed the finite difference method to establish a continuous
prediction model for carbon content in a 120-ton converter.
The prediction results showed that the model achieved a hit
rate  of  85% within  an  error  range  of  ±0.02%.  Zhang et  al.
[11] compared the performance of the BP network, extreme
learning machine (ELM), and support vector machine (SVM)
in  predicting  the  endpoint  carbon  content  across  multiple
steel  grades,  concluding that  SVM exhibited  higher  predic-
tion accuracy. Similarly, Wang et al. [12] demonstrated that
twin support vector regression (TSVR) outperformed the BP
network in accurately predicting the endpoint carbon content
for various steel grades simultaneously. Furthermore, Wang
et al. [13] developed a model integrating grey relational ana-
lysis, partial correlation analysis, and TSVR to predict the en-
dpoint  carbon  content  for  multiple  steel  grades.  The  model
achieved a hit rate of 90% within an error range of ±0.005%.
Gu et al. [14] developed a model combining case-based reas-
oning  and  long  short-term  memory  to  predict  the  endpoint
carbon  content  of  multiple  steel  grades  in  converters.  The
model  achieved  a  hit  rate  of  91% within  an  error  range  of
±0.02%.  In  recent  years,  numerous  novel  methodologies
have emerged for predicting the endpoint carbon content in
converters.  These  include  posterior  probability  and  intra-
cluster  feature  weight  online  dynamic  feature  selection  al-
gorithm [15],  improved  conditional  generative  adversarial
network  (ICGAN) [16],  self-attention-based  convolutional
parallel  network  (SabCP) [17],  and  supervised  weighting-
based  local  structure  preserving  projection [18].  With  con-
tinuous advancements in prediction methods, the hit rates of
such models are steadily improving. In the metallurgical in-
dustry,  we  strive  to  address  complex  problems  using  relat-
ively  simple  methods.  Notably,  many  researchers  have  fo-
cused on optimizing SVM for endpoint carbon content pre-
diction, as SVM performs well in addressing nonlinear, high-
dimensional  problems.  However,  it  still  requires  improve-
ment  in  processing  large-scale  data  efficiently [19–23].
TSVR is capable of processing large-scale data, but its gener-
alization  capability  can  be  impacted  when  the  dataset  be-
comes complex [24].

All  the  aforementioned  models  focus  on  the  establish-
ment of the input parameter system. The dimensionality and
composition  of  the  input  parameters  significantly  influence
the prediction accuracy of these models. Undeniably, as the
number of steel grades being predicted increases, the number

of influencing parameters also grows, resulting in higher data
dimensionality. This increase, in turn, increases computation
time  and  makes  dimensionality  reduction  essential.
Moreover,  if  the  input  data  include  numerous  components
unrelated to the endpoint carbon content, they can negatively
affect  prediction accuracy.  However,  previous studies  often
prematurely  selected  a  single  type  of  oxygen  supply  para-
meter—such as smelting parameters, raw material and auxil-
iary  material  parameters,  oxygen  consumption,  or  oxygen
flow rate—as input parameters. The impact of input paramet-
ers  on  the  prediction  accuracy  of  endpoint  carbon  content
was largely overlooked.

To address the inefficiency of SVM in processing large-
scale data, the improved particle swarm optimization (IPSO)
algorithm is used to optimize the parameter selection process
and offers a viable solution. With the incorporation of inertia
weight and dynamic acceleration factors, IPSO expands the
search  area  and  improves  accuracy.  Factor  analysis  (FA)
helps  clarify  the  intrinsic  structural  relationships  within  the
data,  simplifies  data  structures,  and  is  well-suited  for  man-
aging the high-dimensional,  large-scale data typical  of  con-
verter  steelmaking  processes.  Moreover,  IPSO–SVM  has
been  applied  in  fields  such  as  biology,  medicine,  geology,
and the internet [25–33], but its application in metallurgy re-
mains  relatively  limited.  Therefore,  the  present  study  en-
hanced the PSO by introducing a nonlinear decreasing iner-
tia weight and used the resulting IPSO to optimize the pen-
alty  factor  and  kernel  parameters  of  the  SVM.  Combined
with factor analysis, a prediction model for endpoint carbon
content in converter steelmaking was developed. First, an in-
put  parameter  system  containing  21  parameters  was  con-
structed, and correlation analysis was performed on the pre-
processed  data.  Additionally,  FA  was  performed  to  reduce
the  dimensionality  of  the  original  variables.  The  perform-
ance of the FA–IPSO–SVM model was then evaluated using
a test dataset. Finally, each parameter in the input parameter
system was sequentially  removed,  and the  FA–IPSO–SVM
model was applied again to predict the endpoint carbon con-
tent. This process demonstrated that the varying significance
levels of correlation between input parameters and endpoint
carbon content influenced the hit rate of the model. Accord-
ing to the prediction results,  the input  parameters  were cat-
egorized  into  high,  medium,  and  low  influence  groups  ac-
cording to their impact on the hit rate of the endpoint carbon
content  model.  This  classification  provided  a  reference  for
selecting input parameters in future endpoint carbon content
prediction  models.  Accurately  predicting  the  endpoint  car-
bon content in converters is conducive to improving produc-
tion  efficiency,  reducing  costs,  and  decreasing  energy  con-
sumption.

 2. Analysis  of  factors  influencing  the  endpoint
carbon  content  in  converter  steelmaking  and
the development of a parameter system

The  physicochemical  reactions  involved  in  converter
steelmaking  are  highly  complex.  To  develop  an  accurate
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model for predicting the endpoint carbon content, it is essen-
tial  to identify the factors  influencing endpoint  carbon con-
tent and create a comprehensive parameter system. The steel-
making cycle and parameter distribution in a converter are il-
lustrated in Fig. 1. Each stage before tapping includes factors
that influence the endpoint carbon content. They can be clas-
sified  into  raw  material  and  auxiliary  material  parameters,
smelting parameters, and oxygen supply parameters based on
their  different  characteristics.  The  process  from  lifting  the
ladle  of  hot  metal  to  charging  scrap  and  hot  metal  into  the
converter  involves  11  raw  material  and  auxiliary  material
parameters,  including molten iron weight,  molten iron tem-
perature, carbon content, silicon content, manganese content,
phosphorus  content,  sulfur  content,  the  amount  of  scrap

charged, the amount of lime, the amount of dolomite, and the
amount  of  ore  charged.  Lime and  dolomite  not  only  act  as
slagging agents during the steelmaking process but also help
adjust the temperature of the molten steel and remove phos-
phorus and sulfur [34–35]. Scrap and ore function as coolants
to maintain the smelting environment’s temperature. There-
fore,  the  parameters  must  include  the  amounts  of  lime  and
lightly  calcined  dolomite  added,  as  well  as  the  amounts  of
scrap and ore charged. The carbon content of molten iron dir-
ectly impacts the carbon content at the initial stage of smelt-
ing. Under the same smelting conditions,  the higher carbon
content  in  the molten iron increases  the difficulty  of  decar-
burization. Therefore, the parameter system must include the
carbon content of the molten iron.
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Fig. 1.    Process and parameter distribution during converter smelting cycle. X1—Molten iron weight; X2—Molten iron temperature;
X3—C content of molten iron; X4—Si content of molten iron; X5—Mn content of molten iron; X6—P content of molten iron; X7—S
content of molten iron; X8—Amount of scrap added; X9—Amount of lime added; X10—Amount of dolomite added; X11—Amount of
ore  added; X12—TSC temperature; X13—TSC carbon  content; X14—TSO temperature; X15—Lance  position; X16—Bottom blowing
time; X17—Oxygen  consumption; X18—Oxygen  pressure; X19—Oxygen  flow  rate; X20—Free  oxygen  content; X21—Oxygen  supply
time. (1) Initial decarburization stage; (2) Intermediate decarburization stage; (3) Final decarburization stage.
 

The main task of converter steelmaking is decarburization.
During the initial decarburization stage, the stronger affinity
of [Si] and [Mn] with [O] compared with [C] with [O] causes
[Si] and [Mn] to react with [O] first. This process consumes a
significant amount of oxygen, leaves insufficient oxygen for
the  decarburization  reaction,  and  results  in  a  slower  decar-
burization  rate.  As  the  contents  of [Si] and [Mn] gradually
decrease, more oxygen becomes available for [C], which ac-
celerates the decarburization rate. In the final decarburization
stage, the temperature of the molten bath increases, and the
amount  of  (FeO)  rises,  leading  to  a  slower  decarburization
rate.  Additionally,  the heat  released during the decarburiza-
tion  process  and  the  sensible  heat  of  the  molten  iron  itself
serve as the two primary energy sources for converter steel-
making.  Therefore,  the  parameter  system  must  include  the
silicon and manganese contents of the molten iron, as well as
its temperature. During the dephosphorization and desulfur-

ization reactions at the steel–slag interface, CaO is consumed,
and the presence of [P] and [S] in the molten iron can influ-
ence the progress of these reactions. Consequently, the phos-
phorus and sulfur contents of the molten iron should also be
included in the parameter system.

The  blowing  process  includes  both  smelting  parameters
and oxygen supply parameters. The smelting parameters con-
sist  of the temperature and carbon content measured by the
Temperature-Sample-Carbon  (TSC)  probe,  as  well  as  the
temperature  measured  by  the  Temperature-Sample-Oxygen
(TSO) probe [36],  lance position, and bottom blowing time
during the blowing process of the converter. The oxygen sup-
ply  parameters  include  oxygen  consumption,  oxygen  pres-
sure, oxygen flow rate, free oxygen content, and oxygen sup-
ply  time.  During  the  blowing process,  the  composition  and
temperature are measured through TSO and TSC probe. TSC
probe measures  the  molten  steel  temperature  when approx-
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imately 85% of the oxygen has been blown, while simultan-
eously  determining  the  carbon  content [37].  TSO  probe
measures the molten steel temperature and oxygen content at
the end of the blowing process, which are used to determine
the  carbon  content.  If  all  indicators  meet  the  endpoint  re-
quirements,  tapping  can  proceed.  Otherwise,  additional
blowing  is  necessary.  Therefore,  TSO probe  measurements
of temperature and elemental composition enable precise en-
dpoint  determination  in  converter  smelting  processes [38].
Temperature is a critical factor influencing the endpoint car-
bon  content,  as  it  directly  affects  the  rate  and  equilibrium
state of the decarburization reaction. During converter smelt-
ing, increasing the temperature can promote the oxidation of
carbon  and  thus  reduce  the  endpoint  carbon  content  in  the
converter.  Conversely,  decreasing  the  temperature  slows
down the carbon oxidation reaction, resulting in a higher end-
point carbon content. To ensure a smooth and efficient blow-
ing process without the need for multiple temperature meas-
urements,  only  two  temperatures  can  be  collected  using  a
sublance, which are TSC temperature and TSO temperature.
The reason for considering the TSO temperature is that many
steel  plants  cannot  directly  determine  the  carbon  content
when measuring the TSO temperature. Instead, they need to
calculate the carbon content retrospectively based on the car-
bon-oxygen  product.  Therefore,  these  temperatures  are  in-
cluded in the predictive indicator system. The bottom blow-
ing time can influence the uniformity of the decarburization
reaction as well as the distribution of temperature and com-
position  within  the  molten  bath,  thereby  affecting  the  end-
point  carbon content.  Additionally,  TSC carbon content  in-
fluences  the  subsequent  blowing  duration.  Therefore,  both
bottom blowing time and TSC carbon content are incorpor-
ated into the indicator system. FeO in the slag plays a crucial
role during converter smelting and acts not only as a reactant
that  affects  the  decarburization  reaction  but  also  influences
the  melting  rate  of  lime.  The  FeO  content  in  the  slag  is
mainly adjusted by the lance position. In the initial stage of
blowing, the lance position is raised to increase the FeO con-
tent  in the slag to promote slag formation and facilitate  the
decarburization reaction. In the middle stage, the lance posi-

tion  is  lowered  to  accelerate  the  decarburization  rate.
However,  in  the  later  stage,  the  decarburization  rate  slows
down. Therefore, the lance position is included in the indicat-
or system.

The  relationship  between  oxygen  and  carbon  content  in
the molten bath is closely interconnected [39–40], as reflec-
ted in the regulation of oxygen supply parameters during the
blowing process. Proper oxygen control can enhance the kin-
etic  conditions  of  the  decarburization  process,  and  effect-
ively regulate the carbon content in the molten steel. At the
endpoint of the blowing process, the oxygen supply paramet-
ers,  available  through  the  manufacturing  execution  system,
include oxygen consumption, oxygen pressure, oxygen flow
rate,  free  oxygen  content,  and  oxygen  supply  duration.
As such, these five parameters are included in the indicator
system.

In summary, based on the analysis of converter smelting
processes and previous research, 21 parameters have been se-
lected  to  form  the  input  parameter  system.  Among  these,
lance position, oxygen pressure, and oxygen flow rate were
all time-series data. In this study, the lance position refers to
the average lance position, the oxygen pressure refers to the
average oxygen pressure, and the oxygen flow rate refers to
the total oxygen flow during the blowing process.

 3. Methods
 3.1. Data collection

The raw production data  used in  this  paper  was sourced
from a 120-t converter in a steel plant in China. The selected
data  did  not  distinguish  between  steel  grades  and  was  ran-
domly collected, resulting in a dataset of 1056 heats.  Some
abnormal data were removed for  the following reasons:  (1)
data was missing due to issues during data collection, trans-
mission, or processing; (2) abnormal data was generated due
to sensor malfunctions; (3) the final composition of the mol-
ten steel exceeded the required range. The statistical results of
the processed data are presented in Table 1.

The  selected  parameters  had  different  dimensions  and
units.  To address  the  inconvenience caused by dimensional

 

Table 1.    Statistical results of variables affecting endpoint carbon content

Symbol X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11

Unit t °C wt% wt% wt% wt% wt% t kg kg kg
Minimum 90 1274 3.12 0.04 0.21 0.07 0.01 3.2 2342 0 0
Maximum 126 1410 4.94 0.78 0.64 0.13 0.08 30.2 9180 1206 5816
Mean 114 1340 4.41 0.31 0.33 0.11 0.02 22.9 4799 652 637
Range 36 136 1.82 0.74 0.43 0.06 0.07 27.0 6838 1206 5816
Standard deviation 4 24 0.24 0.11 0.06 0.01 0.02 4.1 1037 199 1256
Symbol X12 X13 X14 X15 X16 X17 X18 X19 X20 X21 Y
Unit °C wt% °C m min m3 MPa m3·h−1 ppm min wt%
Minimum 1505 0.03 1556 1.25 12.85 4891 1.34 20260 129 12.55 0.01
Maximum 1674 0.89 1689 1.97 18.53 7142 1.63 26043 788 18.38 0.18
Mean 1579 0.63 1618 1.47 15.25 5946 1.58 23293 323 15.10 0.11
Range 169 0.86 133 0.72 5.68 2251 0.29 5783 659 5.83 0.17
Standard deviation 93 0.54 20 16.17 50.09 282 0.01 567 114 47.65 0.03
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differences and the varying ranges of certain indicators in the
production data during model training, normalization was ap-
plied after removing abnormal values. In this paper, a linear
transformation as shown in Eq. (1) was used to map the ori-
ginal values μ to the interval [0, 1], resulting in standardized
values.

μ∗ =
μ−μmin

μmax−μmin

(1)

where μ* represents  the  standardized  data, μ represents  the
data to be standardized, μmax represents the maximum value
of the data after outliers are removed, and μmin represents the
minimum value of the data after outliers are removed.

 3.2. Model establishment

 3.2.1. Correlation analysis
Pearson correlation  analysis  is  commonly  used to  assess

the  correlation  between  two  random  variables [41–42].  It
measures the degree of correlation by analyzing the elements
of the variables that are related. The formula for calculating
the correlation coefficient is shown in Eq. (2):

r =

n∑
i=1

(
Xp,i−Xp

) (
Xq,i−Xq

)
√

n∑
i=1

(
Xp,i−Xp

)2
n∑

i=1

(
Xq,i−Xq

)2

(2)

Xp

Xq

where Xp,i is the ith value of the pth variable,  is the mean
of the pth variable, Xq,i is the ith value of the qth variable, and

 is the mean of the qth variable.
 3.2.2. FA

Factor  analysis  proceeds  from  the  dependency  relation-
ships within the correlation matrix of original variables, sum-
marizing highly correlated variables into a small number of
underlying,  unobservable  factors  through  analysis,  thereby
achieving  the  purpose  of  dimensionality  reduction [43].
These  factors  are  capable  of  explaining  the  correlations
among  variables  and  simplifying  the  data  structure.  Factor
analysis is an extension of principal component analysis, with
a  greater  emphasis  on  describing  the  correlational  relation-
ships  among  the  original  variables  compared  to  principal
component  analysis.  Assuming  an  observable  random vari-
able z = (z1, z2, ···, zn)T, each random variable is represented
by m common factors, as shown in Eq. (3):

z1 = a11F1+a12F2+ · · ·+a1mFm+δ1

z2 = a21F1+a22F2+ · · ·+a2mFm+δ2

...

zn = an1F1+an2F2+ · · ·+anmFm+δm

(3)

where Fm is the common factor; δm is the unique factor, which
representing the portion of the original variable that cannot be
explained; anm is  an  element  of  the  factor  loading  matrix,
which indicates the contribution of the nth variable to the mth
factor.
 3.2.3. SVM

SVMs are  commonly  used  to  address  non-linear  regres-
sion prediction problems by incorporating an insensitive loss

function, ε [44].  The  sample  space  is  mapped  to  a  feature
space of high or potentially infinite dimensions through the
application  of  a  nonlinear  transformation.  This  transforma-
tion transforms the task of finding a complex hyperplane into
solving a  convex optimization problem within  convex con-
straints [45–47].

In an SVM, a regression model is created by mapping the
features into a high-dimensional space, as shown in Eq. (4):

f (x) = ωTφ (x)+b (4)
∈
∈

where ω is  a  vector  of  weight  coefficients, ω R; φ(x)  is  a
nonlinear mapping function; b is a constant, b R.

The  structural  risk  minimization  principle  is  applied  to
find  the  optimal ω and b,  which  transforms  the  estimation
function  into  a  minimization  function,  as  shown  in  Eqs.
(5)–(8):

min
ω,b

1
2
∥ω∥2+C

m∑
i=1

(
ξi+ ξ

∗
i

)
(5)

yi−
(
ω ·φ (xi)+b

) ≤ ε+ ξi (6)(
ω ·φ (xi)+b

)− yi ≤ ε+ ξ∗i (7)

ξi, ξ
∗
i ≥ 0(i = 1,2, · · ·,m) (8)

ξ∗i

where C is the penalty factor, ε is the insensitive loss func-
tion, ξi and  are the slack variables and denote the upper-
bound exceedance error and the lower-bound exceedance er-
ror,  respectively, xi is  the ith independent  variable,  and yi is
the ith dependent variable.

Through the application of the Lagrange multiplier and the
introduction  of  the  kernel  function,  the  regression  decision
function H(x) is given by Eq. (9):

H (x) =
n∑

i=1

(
ai−a∗i

)
K

(
xi, x j

)
+b (9)

a∗iwhere (ai − ) is the specified Lagrangian factor, K(xi, xj) is
the kernel function, and b is the deviation value.

In  terms of  kernel  function  selection,  this  paper  chooses
the  Gaussian  radial  basis  function  as  the  kernel  function  in
the SVM. The expression for this kernel function is given in
Eqs. (10)–(11):

K
(
xi, x j

)
= exp

−
∥∥∥xi− x j

∥∥∥2

2σ2

 (10)

g =
1

2σ2
(11)

where σ is the width of the kernel function, and g is the ker-
nel parameter.
 3.2.4. Improved particle swarm optimization

The PSO algorithm is inspired by the food-searching be-
havior of certain animal populations [48]. In a d-dimensional
search space, a swarm of particles is present, each character-
ized by three parameters: velocity, position, and fitness. First,
a group of particles is randomly selected and initialized. Each
particle moves through the d-dimensional target search space
at a variable velocity, updating its position based on the in-
formation of other particles. The optimal individual position
and the optimal global position are recorded during this pro-
cess [49–50].  The  following  assumptions  are  made  for  the

L.H. Zhao et al., Factor analysis and machine learning for predicting endpoint carbon content in converter steelmaking 2473



PSO algorithm: In a d-dimensional search space with a cer-
tain number of particles, V represents the velocity of particle
movement, and L denotes the position of the particle. At iter-
ation k,  the  velocity  and  position  information  of  the ith
particle is shown in Eqs. (12)–(13):

Lk
i =

(
lk
i1, l

k
i2, · · ·, lk

id

)
(12)

Vk
i =

(
vk

i1,v
k
i2, · · ·,vk

id

)
(13)

lk
id

vk
id

where  is the position of the ith particle in the dth dimen-
sion  at  the kth  iteration,  and  is  the  velocity  of  the ith
particle in the dth dimension at the kth iteration.

Ek
i

Ek
g

There  are  two key states  of  particles  in  the  evolutionary
process: the individual extremum and the global extremum.
The individual extremum represents the best solution found
by a single particle throughout its history of iteration. In con-
trast, the global extremum reflects the best solution found by
the entire population during the optimization process. As the
iteration  progresses  to  the kth  step,  the  historical  best  solu-
tion of each particle is denoted as , while the historical best
solution of the entire population is denoted as , as shown
in Eqs. (14)–(15):

Ek
i =

(
ek

i1,e
k
i2, · · ·,ek

id

)
(14)

Ek
g =

(
ek

g1,e
k
g2, · · ·,ek

gd

)
(15)

ek
id

ek
gd

where  is the historical optimal solution of the ith particle
in the dth dimension at the kth iteration, and  is the histor-
ical optimal solution of the current population in the dth di-
mension at the kth iteration.

The  position  and  velocity  information  of  the ith  particle
are shown in Eqs. (16)–(17):

Lk+1
i = Lk

i +Vk+1
i (16)

Vk+1
i = Vk

i + c1r1

(
Ek

i −Xk
i

)
+ c2r2

(
Ek

g−Xk
i

)
(17)

where r1 and r2 are random numbers between [0, 1], and c1

and c2 are acceleration factors.
The classic PSO algorithm has two main limitations: it is

prone to getting stuck in local optima, and it suffers from a
lack  of  sufficient  population  diversity [51].  The  inertia
weight factor λ influences both the ability of the particles to
find local and global optima. To address these two key draw-
backs of the PSO algorithm, this study adopts a nonlinear de-
creasing  inertia  weight,  as  shown in  Eq.  (18).  The  velocity
update for the ith particle, after introducing the inertia weight,
is shown in Eq. (19):

λ = (λmax−λmin) ·
(

k
kmax

)2

+ (λmin−λmax)
2k

kmax
+λmax (18)

Vk+1
i = λVk

i + c1r1

(
Ek

i − Lk
i

)
+ c2r2

(
Ek

g− Lk
i

)
(19)

where λmax is the maximum value of λ, λmin is the minimum
value of λ, and kmax is the maximum iteration number.
 3.2.5. Counting process

A prediction model for endpoint carbon content, based on
FA  integrated  with  IPSO–SVM,  is  developed  to  predict
the  endpoint  carbon  content  during  converter  steelmaking.
The process is illustrated in Fig. 2. First, the original data un-
dergoes  dimensionality  reduction  through  FA  processing.
The reduced dataset, which consists of 1056 heats, is then di-
vided into two categories, with a 7:3 split for the training and
test sets. Specifically, 739 heats processed by FA are used to
train the prediction model for endpoint carbon content, while
the remaining 317 heats are used to test the model’s perform-
ance.

 3.3. Setting of model parameters

In the support vector machine algorithm, the penalty factor
C is set to a search range of 0.1 ≤ C ≤ 100, while the kernel
parameter g, which controls the influence of a single training
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example, is set to 0.1 ≤ g ≤ 100. For the PSO parameters, the
initial value of the acceleration factor c1 is set to 1.5, and the
initial value of c2 is set to 1.7. The maximum population size
is set to 20 and the maximum number of iterations is set to
50. The maximum value of the inertia weight λ is set to 0.9
and the minimum value of λ is set to 0.4. The penalty factor C
and kernel parameter g are critical parameters that directly in-
fluence the predictive accuracy of the model. The optimiza-
tion algorithm is used to determine the optimal values for the
penalty  factor C and  the  kernel  parameter g in  the  support
vector  machine.  In  this  study,  the  root-mean-square  error
(RMSE)  between  the  predicted  and  actual  endpoint  carbon
content  in  the  training  set  serves  as  the  fitness  function  for
optimizing the SVM model. The IPSO algorithm selects the
parameters that minimize the RMSE on the training set as the
optimal parameters. The iteration process is shown in Fig. 3,
where it can be observed that after 18 iterations, the optimal
fitness value stabilizes at 0.0092 and the optimal parameters
are determined to be C = 18.5154 and g = 0.3192.
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 3.4. Model evaluation

Five  statistical  evaluation  metrics—namely,  the  coeffi-
cient of determination (R2), mean absolute error (MAE), root-
mean-square error (RMSE), mean absolute percentage error
(MAPE), and hit rate—were used to assess the performance
of  the  different  models.  The  calculation  formulas  for  these
metrics are provided in Eqs. (20)–(24):

R2 =

N∑
i=1

(
Yi−Y

)2
−

N∑
i=1

(
Y*

i −Yi

)2

N∑
i=1

(
Yi−Y

)2
(20)

MAE =

N∑
i=1

∣∣∣Y∗i −Yi

∣∣∣
N

(21)

RMSE =

√√√√√√√ N∑
i=1

(
Y∗i −Yi

)2

N
(22)

MAPE =
1
N

N∑
i=1

∣∣∣Yi−Y∗i
∣∣∣

Yi
(23)

Hit rate =
N(|Pre−Act|≤ψ)

Ntest
×100% (24)

Y∗i
Y

N(|Pre−Act|≤ψ)

where N is  the number of data points after outlier removal;
 is the model’s predicted value of the endpoint carbon con-

tent; Yi is the true value of the endpoint carbon content;  is
the mean value of the endpoint carbon content;  is
the number of data points within the error range between the
actual and predicted values, with ψ = 0.01%, 0.015%, 0.02%
for endpoint carbon content prediction; Ntest is the total num-
ber of test data points.

 4. Results and discussion
 4.1. Results of data analysis

 4.1.1. Correlation analysis and applicability assessment
The  correlation  heatmap  is  shown  in Fig.  4.  The  color

gradient represents the degree of correlation. The interlaced
dot  matrix  between  two  parameters  turning  red  indicates  a
stronger negative correlation, while approaching white indic-
ates  a  stronger  positive  correlation.  An asterisk  (*)  denotes
the  significance  of  the  correlation,  with * representing P <
0.05,  which  indicates  a  significant  correlation  between  the
parameters, and the absence of * representing P > 0.05. In the
converter  steelmaking process,  various  parameters  reflected
different  aspects  of  the  smelting  process.  For  example,  the
amount  of  scrap,  molten iron weight,  and molten iron tem-
perature reflected the raw material characteristics of convert-
er steelmaking, while lance position and blowing time reflec-
ted the blowing characteristics. Correlation analysis was con-
ducted on the selected 21 parameters; interactions and correl-
ations  of  varying  significance  levels  were  consequently  re-
vealed.  For  example,  a  strong  negative  correlation  was  ob-
served between the free  oxygen content  in  the molten steel
and the endpoint carbon content, which indicated that the en-
dpoint carbon content decreased as the free oxygen content in
the  molten  steel  increased.  Furthermore,  a  strong  positive
correlation was found between oxygen supply time and oxy-
gen consumption,  which suggested that  longer oxygen sup-
ply time led to greater oxygen consumption.

The  21  parameters  were  ranked  based  on  their  absolute
values of  the correlation coefficients  with the endpoint  car-
bon content, resulting in the following order: X20, X12, X4, X13,
X3, X19, X1, X10, X9, X17, X14, X5, X8, X7, X15, X21, X11, X16, X6, X2,
X18.  Among these, X15, X21, X11, X16, X6, X2,  and X18 did  not
show significant correlations with the endpoint carbon con-
tent.

The relevant  parameters  influencing the endpoint  carbon
content were input into SPSS 25 and yielded a Kaiser–Mey-
er–Olkin  (KMO)  value  of  0.654,  which  was  greater  than
0.6  and  indicated  that  factor  analysis  was  appropriate.  In
Bartlett’s test of sphericity, the P-value was 0, which was less
than 0.05, suggesting that there were significant correlations
among the variables. Therefore, it was appropriate to extract
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common factors, which made factor analysis suitable for this
study.
 4.1.2. Extraction and representation of common factors

Principal component analysis was used to extract the vari-
ance of the common factors from the 21 variables, as shown
in Table  2.  Only X6 had  a  low  extraction  value,  while  the
variance of the common factors for the remaining 20 indicat-
ors was greater than 0.7, which indicated that the factor ana-
lysis was effective. The extraction of common factors and the
total variance explained, as shown in Fig. 5, revealed that 13
common factors were extracted, with a cumulative variance
contribution rate of 85.53%, which demonstrated the effect-
iveness of the analysis.

The  expression  of  the  common factor  was  derived  from
the score coefficient matrix, as shown in Table 3.

 4.2. Comparison of FA–IPSO–SVM model with other es-
tablished models

To  evaluate  the  generalization  performance  of  the
FA–IPSO–SVM model, it  was compared with other known
models using 317 sets of untrained test data. Table 4 shows
the  performance  of  the  various  models,  with  the  FA–
IPSO–SVM  model  outperforming  the  IPSO–SVM,  TSVR,
and SVM models. The FA–IPSO–SVM model achieved the
highest R2 value of 0.960, and the lowest MAE, RMSE, and
MAPE values of 0.005, 0.007, and 0.052, respectively. The
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Fig. 4.    Heat map of Pearson correlation coefficient.

 

Table  2.     Common  factor  variance  of  predictive  evaluation
indicators

Variable Symbol Starting Extraction
Molten iron weight X1 1.000 0.935
Molten iron temperature X2 1.000 0.788
C content of molten iron X3 1.000 0.759
Si content of molten iron X4 1.000 0.821
Mn content of molten iron X5 1.000 0.715
P content of molten iron X6 1.000 0.654
S content of molten iron X7 1.000 0.762
Amount of scrap added X8 1.000 0.743
Amount of lime added X9 1.000 0.790
Amount of dolomite added X10 1.000 0.941
Amount of ore added X11 1.000 0.953
TSC temperature X12 1.000 0.942
TSC carbon content X13 1.000 0.867
TSO temperature X14 1.000 0.945
Lance position X15 1.000 0.988
Bottom blowing time X16 1.000 0.961
Oxygen consumption X17 1.000 0.920
Oxygen pressure X18 1.000 0.936
Oxygen flow rate X19 1.000 0.895
Free oxygen content X20 1.000 0.851
Oxygen supply time X21 1.000 0.979

2476 Int. J. Miner. Metall. Mater. , Vol. 32, No. 10, Oct. 2025



R2 value of the FA–IPSO–SVM model was 0.057, 0.090, and
0.135 higher than those of the IPSO–SVM, TSVR, and SVM

model, respectively. The MAE values were 0.003, 0.004, and
0.005 lower than those of the IPSO–SVM, TSVR, and SVM
models,  respectively. The RMSE values were 0.003, 0.005,
and 0.007 lower than those of the IPSO–SVM, TSVR, and
SVM models,  respectively.  The  MAPE values  were  0.022,
0.036, and 0.043 lower than those of the IPSO–SVM, TSVR,
and SVM models, respectively.

Fig. 6 shows the hit rates of various models in predicting
the endpoint carbon content in the converter within an error
range of ±0.02%. As illustrated, the hit rate of the SVM mod-
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Fig. 5.    Plot of factor variance and cumulative variance.
 

Table 3.    Common factor expressions
Common
factor Common factor expressions

F1
− 0.018X2 − 0.017X3 − 0.089X4 + 0.013X5 − 0.061X6 + 0.019X7 − 0.007X9 − 0.042X10 + 0.033X11 − 0.045X12 + 0.035X13 −
0.013X14 − 0.031X15 + 0.353X16 + 0.269X17 − 0.035X18 − 0.212X19 + 0.089X20 + 0.347X21

F2
− 0.065X1 − 0.013X2 + 0.350X3 − 0.012X4 − 0.273X5 + 0.397X6 − 0.125X7 + 0.340X8 − 0.005X9 + 0.022X10 − 0.012X11 +
0.023X12 − 0.048X13 + 0.012X14 + 0.011X15 − 0.049X16 + 0.024X17 + 0.059X18 + 0.122X19 − 0.110X20 − 0.036X21

F3
0.030X1 + 0.178X2 + 0.110X3 + 0.565X4 + 0.149X5 − 0.056X6 − 0.095X7 + 0.009X8 + 0.520X9 + 0.087X10 − 0.077X11 +
0.034X12 − 0.107X13 − 0.098X14 + 0.005X15 − 0.074X16 − 0.047X17 + 0.016X18 + 0.061X19 + 0.021X20 − 0.062X21

F4
0.011X1 + 0.603X2 − 0.043X3 + 0.102X4 + 0.018X5 − 0.136X6 + 0.573X7 + 0.063X8 − 0.010X9 + 0.025X11 − 0.038X12 +
0.037X13 + 0.010X14 + 0.070X15 + 0.016X16 − 0.082X17 + 0.012X18 − 0.151X19 + 0.103X20 + 0.002X21

F5
0.040X1 − 0.082X3 − 0.031X4 − 0.030X5 − 0.095X6 + 0.018X7 + 0.035X8 + 0.095X9 + 0.02X10 − 0.062X11 + 0.074X12 −
0.071X13 − 0.072X14 + 0.023X15 − 0.057X16 + 0.227X17 + 0.095X18 + 0.499X19 + 0.749X20 − 0.014X21

F6
− 0.036X1 + 0.056X2 − 0.009X3 + 0.015X4 + 0.328X5 + 0.075X6 − 0.029X7 + 0.017X8 − 0.285X9 + 0.120X10 − 0.039X11 −
0.057X12 + 0.851X13 − 0.044X14 + 0.094X15 − 0.017X16 + 0.130X17 + 0.013X18 + 0.297X19 − 0.153X20 + 0.002X21

F7
0.917X1 − 0.035X2 + 0.091X3 − 0.029X4 − 0.154X5 − 0.055X6 + 0.015X7 − 0.282X8 + 0.099X9 + 0.011X10 − 0.111X11 −
0.009X12 − 0.030X13 − 0.067X14 − 0.011X15 − 0.026X16 + 0.030X17 + 0.040X18 + 0.083X19 + 0.006X20 − 0.010X21

F8
0.053X1 + 0.063X2 − 0.017X3 + 0.041X4 + 0.210X5 + 0.172X6 − 0.003X7 + 0.050X8 − 0.039X9 − 0.032X10 − 0.028X11 +
0.007X12 + 0.021X13 − 0.024X14 − 0.070X15 − 0.011X16 − 0.077X17 + 0.932X18 − 0.124X19 + 0.131X20 − 0.011X21

F9
0.027X1 + 0.018X2 + 0.011X3 + 0.091X4 + 0.007X5 + 0.138X6 + 0.016X7 − 0.132X8 + 0.057X9 + 0.974X10 − 0.089X11 −
0.057X12 + 0.118X13 + 0.023X14 − 0.131X15 − 0.006X16 − 0.124X17 − 0.055X18 − 0.223X19 + 0.113X20 − 0.010X21

F10
− 0.065X1 − 0.044X2 + 0.022X3 − 0.095X4 + 0.061X5 + 0.217X6 + 0.039X7 − 0.232X8 − 0.078X9 + 0.019X10 − 0.072X11 −
0.026X12 − 0.038X13 + 0.965X14 − 0.039X15 − 0.018X16 + 0.020X17 − 0.040X18 + 0.065X19 − 0.082X20 − 0.020X21

F11
− 0.001X1 + 0.136X2 − 0.023X3 − 0.054X4 + 0.065X5 + 0.042X6 − 0.002X7 + 0.008X8 + 0.047X9 − 0.103X10 − 0.028X11 +
0.019X12 + 0.060X13 − 0.032X14 + 1.025X15 − 0.027X16 − 0.020X17 − 0.065X18 + 0.002X19 + 0.005X20 − 0.011X21

F12
− 0.121X1 − 0.020X2 + 0.010X3 − 0.102X4 − 0.129X5 − 0.077X6 + 0.010X7 − 0.040X8 − 0.021X9 − 0.080X10 + 0.990X11 +
0.018X12 − 0.059X13 − 0.065X14 − 0.011X15 + 0.011X16 + 0.115X17 − 0.011X18 + 0.215X19 − 0.164X20 + 0.004X21

F13
− 0.008X1 − 0.082X2 − 0.024X3 − 0.031X4 − 0.261X5 − 0.110X6 + 0.013X7 + 0.061X8 + 0.172X9 − 0.071X10 + 0.022X11 +
0.957X12 − 0.003X13 − 0.010X14 + 0.007X15 − 0.025X16 − 0.078X17 + 0.017X18 − 0.139X19 + 0.116X20 − 0.027X21

 

Table 4.     Comparison of  different models  before factor ana-
lysis

Model R2 MAE RMSE MAPE
FA–IPSO–SVM 0.960 0.005 0.007 0.052
IPSO–SVM 0.903 0.008 0.010 0.074
TSVR [12] 0.870 0.009 0.012 0.088
SVM [11] 0.825 0.010 0.014 0.095
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el was 87.70%, the lowest among the four models. The TS-
VR  model  achieved  a  hit  rate  of  88.96%,  an  improvement
over the SVM model. The IPSO–SVM model demonstrated
a hit rate of 92.43%, with predicted values closely matching
the  actual  values,  which  indicated  high  prediction  accuracy
for  the  endpoint  carbon  content  in  the  converter.  The  FA–
IPSO–SVM model  exhibited  an  extremely  small  difference
between the  predicted  and actual  values  and achieved a  hit
rate of 98.74%, which was significantly higher than the other
three  models.  Moreover,  the  model  achieved  hit  rates  of
89.59%  and  96.21%  within  error  margins  of  ±0.01%  and
±0.015%,  respectively,  demonstrating  robust  predictive  ef-
ficacy.

Fig. 7 shows the distribution of prediction results for vari-
ous models within different ranges. As shown in Fig. 7(a), the
prediction  band  width  of  the  FA–IPSO–SVM  model  was
0.027, with a confidence band width of 0.003. Fig. 7(c)–(e)
reveals that the prediction band widths for the IPSO–SVM,
TSVR,  and  SVM model  were  0.038,  0.044,  and  0.049,  re-
spectively,  with  corresponding  confidence  band  widths  of
0.005, 0.006, and 0.007. Among these, the FA–IPSO–SVM
model  exhibited  the  narrowest  confidence  and  prediction
bands,  indicating the smallest  deviation of data points from
the fitted curve. Fig. 7(b) demonstrates that, apart from four
test data points with minor deviations, the remaining 313 test
data  points  for  the  FA–IPSO–SVM model  were  distributed
within  ±0.02%,  significantly  outperforming  the  other  three
predictive models. Fig. 7(f) shows that the IPSO–SVM mod-
el  had  293  data  points  falling  within  the  ±0.02%  range.
Fig. 7(g) indicates that the TSVR model had 282 data points
within  the  ±0.02%  range. Fig.  7(h)  reveals  that  the  SVM
model had 278 data points within the ±0.02% range, exhibit-
ing the poorest predictive performance.

According to the above analysis,  among the four predic-
tion models for endpoint carbon content in the converter, the
FA–IPSO–SVM model demonstrated superior prediction ac-
curacy  and  stronger  generalization  ability.  This  advantage
suggested that the FA–IPSO–SVM model was a feasible and
reliable approach for predicting the endpoint carbon content
and could meet the prediction requirements for various steel
grades.

 4.3. Analysis of parameters affecting prediction accuracy

The impact of input parameters on the prediction results of
the endpoint carbon content for multiple steel grades was as-
sessed through sequential removal of the 21 parameters and
re-prediction  using  the  remaining  20  parameters  in  the
FA–IPSO–SVM  model.  The  input  parameters  were  then
classified  based  on  their  influence  on  the  prediction  out-
comes. The distribution of prediction accuracy errors for each
parameter, with an error range of ±0.02%, is shown in Fig. 8.
Fig. 8(a) shows that in zone I, the largest absolute error in the
reduction of  prediction accuracy occurs  after  removing X20,
followed by X12 with a value of 6.31%. In zone II, the abso-
lute  errors  in  the  reduction  of  prediction  accuracy  ranged
from a minimum of 3.16% to a maximum of 4.73%. In zone
III,  the maximum absolute  error  in  the reduction of  predic-
tion accuracy was only 1.58%. These results aligned with the
findings from the correlation analysis well, which suggested
that the correlation and significance between input paramet-
ers and endpoint carbon content influenced prediction accur-
acy. The stronger the correlation and significance, the greater
the impact; conversely, the weaker the correlation and signi-
ficance, the smaller the impact.

From Fig. 8(b), the relative errors in the degree of predic-
tion  accuracy  reduction  ranged  from  0.32%–6.63%.  This
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study classified the area with relative errors between 0–2% as
zone III  (low influence  zone),  the  area  between 2%–5% as
zone  II  (medium  influence  zone),  and  the  area  between
5%–7% as zone I (high influence zone). Fig. 8(c)–(e) shows
that in zone I, raw material parameters, smelting parameters,
and oxygen supply parameters each contribute one-third. In
zone  II,  raw material  parameters  accounted  for  75%,  while
smelting and oxygen supply parameters  each accounted for
12.5%.  In  zone  III,  raw  material  parameters  accounted  for
42.9%, smelting parameters accounted for 28.6%, and oxy-
gen supply parameters accounted for 28.6%.

Overall, Fig.  8 indicates that zone I included X3, X4, X12,
X13, X19, and X20, zone II included X1, X5, X7, X8, X9, X10, X14,
and X17,  and zone III  included X2, X6, X11, X15, X16, X18,  and
X21. Removing parameters in zone I had a significant impact
on the prediction results of endpoint carbon content while re-
moving parameters in zone III  had a minimal effect.  When

building a prediction model for the endpoint carbon content
of multiple steel grades in a converter, parameters in zone I
must  be  retained,  parameters  in  zone II  can be  partially  re-
placed, and parameters in zone III can be entirely substituted
with other types of parameters to improve the hit rate of the
prediction model.

 5. Conclusions

According to the smelting data of various steel grades, a
model was developed to predict the endpoint carbon content
of multiple steel grades in converters by combining FA and
IPSO–SVM. The conclusions are as follows.

(1) Through an analysis of the converter steelmaking pro-
cess,  a  parameter  system  encompassing  raw  material  para-
meters,  auxiliary  material  parameters,  smelting  parameters,
and oxygen supply parameters was constructed. Factor ana-
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lysis was employed to reduce the dimensionality of the vari-
ables,  resulting  in  the  identification  of  13  common  factors
with a cumulative variance contribution rate of 85.53%. This
effectively  mitigated  collinearity  among  the  data,  laying  a
solid foundation for enhancing prediction accuracy.

(2) The production data were screened according to spe-
cification  requirements,  resulting  in  1056  data  samples.
These samples were then shuffled, with 70% used for model
training and 30% for model testing. The model performance
was optimized by introducing a nonlinear decreasing inertia
weight into the PSO component, and the penalty factor C and
kernel  parameter g in  the  SVM  component  were  set  to
18.5154 and 0.3192, respectively.

(3) The FA–IPSO–SVM model exhibited exceptional per-
formance in predicting endpoint carbon content, achieving a
hit rate of 98.74% within a ±0.02% error range, which sur-
passed  methods  reported  in  previous  studies.  Furthermore,
using  a  parameter  elimination  approach  coupled  with  the
analysis  of  correlations  between  input  parameters  and  end-
point carbon content, we categorized the influential paramet-
ers into high-, medium-, and low-impact groups. Specifically,
high-impact  parameters  included X3 (C  content  of  molten
iron), X4 (Si content of molten iron), X12 (TSC temperature),
X13 (TSC  carbon  content), X19 (oxygen  flow  rate),  and X20

(free  oxygen  content);  medium-impact  parameters  com-
prised X1 (molten  iron  weight), X5 (Mn  content  of  molten
iron), X7 (S content of molten iron), X8 (amount of scrap ad-
ded), X9 (amount of lime added), X10 (amount of dolomite ad-
ded), X14 (TSO temperature), and X17 (oxygen consumption);
and  low-impact  parameters  encompassed X2 (molten  iron
temperature), X6 (P content  of  molten iron), X11 (amount of
ore added), X15 (lance position), X16 (bottom blowing time),
X18 (oxygen pressure), and X21 (oxygen supply time).

(4) Removing high-impact parameters resulted in a min-
imum reduction in the hit rate of 5.05%, by contrast, remov-
ing  low-impact  parameters  led  to  a  maximum  reduction  of
just  1.58%.  These  findings  demonstrate  that  high-impact
parameters are pivotal to prediction accuracy and must be in-
cluded,  medium-impact  parameters  can  be  partially  substi-
tuted, and low-impact parameters can be fully replaced with
other parameters to enhance model precision. However, this
conclusion may be  influenced by factors  such as  noise  and
incomplete  features  in  the  smelting  data,  necessitating  fur-
ther mechanistic research to accurately analyze the factors af-
fecting prediction accuracy.
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