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Abstract    Digital manufacturing enterprises require high
operational  agility  due  to  the  intricate  and  dynamically
changing  nature  of  their  tasks.  The  implementation  of
accurate  and  timely  predictions  of  task  bottlenecks  is
therefore  crucial  to  enhancing  overall  efficiency.  Due  to
task  complexities  and  dynamic  business  environments,
bottleneck  prediction  is  a  challenging  issue.  This  study
introduces a novel approach that constructs a task network
from extensive data accumulated within a digital enterprise
to  identify  and  depict  the  complex  interrelations  among
tasks.  Based  on  this  method,  we  develop  a  Bottleneck
Spatio-Temporal Graph Convolutional Network (BTGCN)
model  based  on  deep  learning  methods  that  considers
spatial  features  of  the  task  network  and  temporal  data  of
task  execution  and  integrates  the  strengths  of  GCN  and
GRU. We find that GCN effectively learns and represents
the  complex  topology  of  task  networks  to  capture  spatial
dependencies,  while  GRU adapts  to  the  dynamic changes
in  task  data,  accurately  capturing  temporal  dependencies.
Informed by the theory of constraints, the study applies the
proposed BTGCN model to the prediction of task throughput
bottlenecks  in  digital  enterprises.  Experimental  results
demonstrate that while the model has certain limitations, it
can  accurately  extract  spatio-temporal  correlations  from
system  data,  offering  advantages  in  bottleneck  prediction
over other benchmark models.
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1    Introduction

In the realm of digital manufacturing enterprises, enhanc-
ing  overall  business  efficiency  is  crucial  to  operations
when  business  processes  undergo  digital  transformation.
Achieving this objective necessitates the identification of
key constraints that impede business efficiency, followed
by a systematic improvement of these conditions to boost
the  performance  of  the  entire  business  process.  Within
the  manufacturing  sector,  these  critical  constraints  are
often referred to as “bottlenecks” (Huang et al., 2014). In
the  context  of  manufacturing,  the  foundational  work  of
Goldratt  and  Cox  (1984)  defined  bottleneck  or  contraint
as  the  slowest  operation  or  machine  that  determines  the
speed at which products can be produced and the maximum
rate  of  output  and  throughput,  wherein  any  time  lost  in
production  on  the  bottleneck  is  time  lost  for  the  entire
business. As the development of Industry 4.0 and Industry
5.0  progresses,  the  concept  of  lean  production,  where
identifying and eliminating bottlenecks is a key goal, has
been further expanded and deepened (Xiang et al., 2024).
Industry 4.0—through the introduction of emerging tech-
nologies  such  as  the  Internet  of  Things  (IoTs),  big  data,
and  artificial  intelligence  (AI)—has  realized  the  auto-
mation  and  intelligentization  of  production  processes
(Hajlaoui  et  al.,  2024),  thereby  enhancing  the  flexibility
and efficiency of manufacturing systems. Industry 5.0, on
the other hand, emphasizes human-machine collaboration
(Piccarozzi  et  al.,  2024),  placing  greater  emphasis  on
human  leadership  and  personalized  customization  in
foundational processes of intelligent automation.
While the advancement of these technologies facilitates

the  optimization  of  manufacturing  systems,  it  also
increases  the  complexity  of  identifying  and  addressing
bottlenecks.  In  the  context  of  Industry  4.0/5.0,  lean
production must therefore go beyond its traditional focus
on  waste  reduction  and  efficiency  improvement  to
consider  how  to  leverage  new  technologies  to  identify,
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predict,  and eliminate bottlenecks (Chang and Jia,  2023)
and manage throughput.  Drawing on Goldratt  and Cox’s
(1984)  highly influential  theory of  constraint  (TOC),  we
define  a  bottleneck  as  the  task  within  a  system  that  has
the  lowest  throughput.  Throughput  refers  to  the  task
execution  frequency  per  unit  time,  serving  as  a  critical
measure of a task’s efficiency and speed.
The  timely  identification  and  accurate  prediction  of

bottlenecks are crucial for optimizing business processes
and supporting enterprise decision-making, yet bottleneck
prediction poses a significant challenge for organizations.
This  is  primarily  due  to  the  complex  spatio-temporal
characteristics of bottlenecks related to spatial dependency
and  temporal  dependency.  Spatial  dependency  refers  to
the tendency for nearby locations to possess similar char-
acteristics  and  influence  each  other.  In  the  context  of
enterprise operations, spatial dependency manifests in the
throughput  changes  of  tasks  that  are  influenced  by  the
topology  of  the  task  network.  The  dependency  relation-
ships  between  different  system  tasks  define  their  spatial
structure,  where  these  structural  connections  lead  to
mutual influences among tasks.
Moreover, the multi-faceted interrelations among tasks

are  not  limited  to  direct  dependencies  but  also  include
various  forms  such  as  resource  sharing,  workflow  over-
lap, and indirect impacts (Kiggundu, 1981). The interactive
nature of these relationships implies that any change in a
single  task  can  create  a  cascading  effect  throughout  the
entire  network,  as  noted  in  Fig.  1.  In  the  context  of
production,  this  means  that  even  if  two  tasks  are  not
directly connected to each other in the process, they may
still  be  mutually  influential  due  to  their  sharing  of

resources or equipment. Consequently, bottlenecks might
not be localized; an interruption or bottleneck in one part
of the network can propagate and lead to more interruptions
or inefficiencies in other parts of the network, resulting in
a domino effect where the initial problem exacerbates as
it  spreads  throughout  the  system.  Understanding  and
mitigating these cascading effects is  important for main-
taining  smooth  and  efficient  manufacturing  operations.
Assessing  the  spatial  structure  and  interactions  between
tasks can therefore help businesses more accurately iden-
tify and predict bottlenecks.
Temporal  dependency  refers  to  the  relationship  of

events or data points over time, and how past events can
impact future outcomes. Considering temporal dependency
is essential to operational efficiency in relation to two key
functions:  bottleneck  prediction  and  trend  identification.
Accurate  prediction  of  bottlenecks  is  nevertheless  chal-
lenging,  as  they  are  not  static  and  can  change  over  time
based  on  production  schedules,  maintenance  activities,
and  varying  demands.  Analyzing  temporal  data  enables
the identification of recurring trends and patterns, such as
bottlenecks  that  recur  at  specific  times  or  in  response  to
particular  operational  conditions.  This  understanding
allows enterprises to enact proactive measures to prevent
future  bottlenecks.  As  task  throughput  can  also  dynami-
cally  change  over  time,  it  exhibits  clear  periodic  trends
that can affect product planning, as seen in Fig. 2. That is,
the throughput at the current moment may be influenced
by  the  execution  status  of  tasks  at  the  previous  moment
or  even  earlier,  exemplified  by  the  actual  dispatch  tasks
in material management, as shown in Fig. 3. This temporal
dependency requires the use of models capable of capturing

 

Fig. 1    Complex interrelations among tasks.
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the dynamic characteristics of time series data to predict
future throughput.
Extensive research conducted on bottleneck identifica-

tion  and  prediction  has  identified  a  close  correlation
between  the  systemic  bottleneck  conditions  and  their
historical observations. To effectively identify and quantify
these  potential  bottleneck  conditions,  studies  usually
adopted decision analysis methods (Li, 2018) and simula-
tion  approaches  (Li  et  al.,  2011).  Recent  research  on
bottleneck  prediction  has  primarily  employed  a  time
series analysis perspective, wherein predictions are made
by studying historical  data  (Lai  et  al.,  2018; Fang et  al.,
2020).  These  time  series  models  have  achieved  high
accuracy  in  bottleneck  prediction,  providing  significant
tools and methodologies for bottleneck forecasting.
Although bottleneck prediction methods based on time

series  data  have  demonstrated  significant  advantages  in
multiple application scenarios, they still exhibit limitations

in  providing  comprehensive  information  for  future
scheduling  and  planning.  Previous  related  research  has
primarily  focused  on  accurately  predicting  potential
bottleneck  tasks  within  systems,  yet  they  often  failed  to
fully  consider  the  complex  spatial  relationships  and
dynamic  changes  of  tasks  in  business  processes.  In
summary,  these  shortcomings  are  found  in  three  main
areas related to linear, temporal, and task relationships:
1)  Bottleneck  prediction  models  based  on  linear  or

simplistic assumptions, which do not address how bottle-
necks often involve complex nonlinear relationships, can
lead  to  a  failure  in  capturing  the  true  bottleneck  condi-
tions, thereby reducing the accuracy of predictions;
2)  Research  methods  focused  solely  on  the  temporal

aspect of bottlneck prediction may exhibit certain limita-
tions  in  some  scenarios,  as  bottlenecks  often  involve
multi-factorial and multidimensional issues. For complex
systems,  it  might  be  challenging  to  capture  various

 

Fig. 2    Weekly variations in task throughput.

 

Fig. 3    Fluctuations in throughput of actual dispatch tasks in material management.
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interactive effects and complex causal relationships using
a temporal focus;
3) The critical role of interactions between related tasks

in  triggering  bottlenecks  suggests  that  understanding  the
interplay between different tasks is crucial for the forma-
tion  and  resolution  of  bottlenecks.  To  date,  research  on
these spatial relationships and their interactions in bottle-
neck prediction has been limited.
To  address  these  research  gaps,  this  study  introduces

two key network approaches:
1)  Considering  the  complex  nonlinear  relationships

between  tasks,  we  construct  a  task-oriented  network  to
depict the spatial interactions among tasks. This network
structure can reveal and quantify the interactions between
tasks,  capture  spatial  features,  and  reflect  the  complex
connections  between  tasks,  laying  the  foundation  for
subsequent bottleneck prediction;
2) From a spatio-temporal perspective, based on graph

neural networks and utilizing time series data along with
network  spatial  feature  data,  we  introduce  a  Bottleneck
Spatio-Temporal  Graph  Convolutional  Network
(BTGCN)  to  more  accurately  predict  task  bottleneck
issues  related  to  complex  manufacturing  enterprises  in
digital settings.
Informed  by  TOC,  also  known  as  bottleneck  theory

(Goldratt  and  Cox,  1984),  this  study  quantitatively
analyzes  task  throughput  to  identify  critical  bottleneck
tasks.  Our  construction  of  the  novel  task-based  network
that incorporates spatial task characteristics and combines
time series with spatial  task data based on deep learning
methods  forms  the  foundation  of  the  proposed  BTGCN
model,  offering  practical  decision-making  support  for
optimizing enterprise business processes.

 

2    Related work

 2.1    Advances in bottleneck identification and prediction

In  digital  manufacturing  enterprises,  bottlenecks  refer  to
tasks that impose the greatest limitations or constraints on
overall  system  performance  (Li,  2018).  Research  in  the
field  of  bottleneck  identification  has  primarily  utilized
three  approaches:  decision  analysis,  simulation-based
approaches,  and  data-driven  methods.  Decision  analysis
employs  mathematical  models  and  statistical  techniques
to  aid  enterprise  managers  in  gaining  a  deeper  under-
standing of bottleneck issues and addressing their impact
on  manufacturing  processes.  Yet  these  techniques  often
rely  on  assumptions  that  may  not  be  applicable  in
complex  and  dynamic  manufacturing  environments.
Simulation-based  methods,  on  the  other  hand,  create
virtual models of systems to simulate their operation and
assist in identifying potential bottlenecks.
While  these  methods  can  offer  valuable  insights,  they

are often time consuming and may not accurately capture

real-time  change.  Compared  to  other  methods,  data-
driven analysis—with its minimal reliance on assumptions
and high adaptability to complex data patterns—supports
more flexible and scalable applications (Lai et al., 2021).
It thus shows greater potential in handling real-time data
and predicting future trends while minimizing reliance on
assumptions, making it highly adaptable to complex data
patterns.  Nevertheless,  studies  have  also  noted  that  the
location of bottlenecks in business processes often shifts
among  different  tasks,  exhibiting  dynamic  variability
(Subramaniyan  et  al.,  2020).  The  existing  methods  for
bottleneck  identification  have  primarily  focused  on
detecting  real-time  bottlenecks  or  tracing  historical
bottleneck  information  (Cao  et  al.,  2012),  which  limits
their effectiveness in long-term operational planning and
the achievement of efficient business processes.
As  digital  manufacturing  enterprises  evolve,  the  inte-

gration of management information systems and automated
data  collection  technologies  has  led  to  the  accumulation
of  vast  amounts  of  data  (Wu  et  al.,  2017).  These  data
provide  comprehensive  insights  into  business  processes,
enabling researchers and businesses to analyze and identify
key factors  affecting efficiency,  thereby more accurately
pinpointing  potential  bottleneck  areas.  While  these
insights  contribute  to  the  field,  the  identification  of
bottleneck conditions at specific locations is often related
to  past  observations.  To  capture  this  temporal  depen-
dency,  Autoregressive  Integrated  Moving  Average
(ARIMA)  time  series  forecasting  has  been  employed  to
predict bottlenecks (Li et al., 2011), along with the use of
active periods as an indicator of such bottlenecks (Subra-
maniyan  et  al.,  2018a).  Moreover,  several  factors  are
found  to  directly  impact  the  dynamics  of  production
lines,  such  as  product  mix,  release  order,  and  operator
shifts.  To  address  this  issue,  an  adaptive  network-based
fuzzy  inference  system  has  been  introduced  to  predict
future bottlenecks based on production inputs (Cao et al.,
2012).
To  further  capture  input-output  relationships  and

temporal  trends  of  the  system,  research  has  explored
models based on the deep learning models used recurrent
neural  networks  (RNNs).  For  instance,  Bidirectional
Long  Short-Term  Memory  (BiLSTM),  a  type  of  RNN
model that processes sequential data in both forward and
backward  directions,  which  was  developed  to  predict
system  congestion  and  starvation  based  on  high-dimen-
sional  multivariate  time  series  data  (Lai  et  al.,  2018).
Another RNN method, the Gated Recurrent Unit (GRU),
which  enhances  the  speed  performance  of  LSTM  net-
works, which was proposed for shifting lateness bottleneck
prediction  (Fang  et  al.,  2020).  Despite  such  advance-
ments,  these  methods  primarily  address  temporal  depen-
dency  without  fully  incorporating  spatial  relationships.
Without  considering  spatial  factors,  models  may  fail  to
capture  critical  interactions  among  production  units,
resulting  in  less  effective  interventions  and  planning.
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This  approach  thus  undermines  the  accuracy  and  effec-
tiveness of bottleneck prediction models, which can lead
to incomplete analyses and suboptimal predictions.
Specifically,  the  prevailing  approach  in  existing

research has been to predict bottleneck indicators, such as
active  periods,  congestion,  and  starvation,  for  a  future
period  and  then  apply  existing  bottleneck  identification
algorithms  to  determine  future  bottlenecks  (Yu  and
Matta,  2016).  The current  bottleneck prediction methods
have primarily focused on capturing the temporal evolution
trends  of  systems,  usually  by  independently  predicting
each  task’s  bottleneck  indicators,  where  the  potential
impact of spatial information on bottleneck conditions is
often  overlooked.  Yet  the  propagation  of  bottleneck
impacts  caused  by  complex  topologies  between  mission
systems also plays an important role in bottleneck predic-
tion.  Hence,  there  is  a  need  to  further  explore  how  to
effectively integrate information from both temporal and
spatial dimensions to more accurately predict and manage
bottleneck  occurrences  in  various  systems,  thereby
improving  their  overall  efficiency  and  performance.  We
therefore identify and elucidate the complex interrelation-
ships among tasks by constructing task networks from the
large amount of data accumulated by a digital  enterprise
over  a  period  of  nearly  three  years.  This  allows  us  to
capture  the  spatial  and  temporal  feature  information  of
tasks  more  accurately,  where  our  use  of  deep  learning
techniques helps achieve accurate bottleneck prediction.

 2.2    Research on graph neural networks for capturing
temporal and spatial features

Graphs  consisting  of  edges  and  vertices  represent  a
highly powerful form of data representation, allowing the
abstract  depiction  of  systems  comprising  interacting
objects and their intricate spatial relationships (Hu et al.,
2020).  Numerous  research  domains  rely  on  graphs  to
model the structures of various entities and their associa-
tions,  where  their  applications  include  social  networks
(Rezvanian  and  Meybodi,  2016;  Li  et  al.,  2023b),  web
and  knowledge  graphs  (Fionda  et  al.,  2016;  Ye  et  al.,
2022),  and  transportation  networks  (Sun  et  al.,  2021).
Notably,  the  field  of  machine  learning  for  processing
graph-structured  data  has  witnessed  significant  break-
throughs. For example, Traditional Convolutional Neural
Networks (CNNs) excel at handling Euclidean space data
(Zhao  et  al.,  2019),  and  are  particularly  skilled  in  tasks
with a regular grid structure, such as image classification
(Krizhevsky  et  al.,  2017)  and  machine  translation.  Yet
CNNs have numerous limitations when dealing with non-
Euclidean space  data,  such as  graph-structured  data.  For
instance, CNNs rely on regular grid structures for convo-
lution  operations,  but  graph  data  are  typically  irregular,
where its complex connections between nodes and edges
may exhibit no fixed patterns (Monti et al., 2017), which
makes  traditional  convolution  operations  difficult  to

apply  directly  to  graph  data.  Moreover,  CNNs  lack  an
understanding  of  graph  topology,  and  thus  fail  to  effec-
tively  capture  the  complicated  relationships  between
nodes and the global features of the graph. CNNs are also
susceptible  to  changes  in  graph  structure  and  have  poor
adaptability  to  dynamic  changes  and  topology  updates,
limiting  their  application  in  tasks  that  require  the
handling of dynamic graph data.
In  contrast,  Graph  Neural  Networks  (GNNs)  have

attracted  attention  for  their  superior  ability  to  capture
graph-structured  data.  GNNs  can  effectively  understand
and  represent  the  complex  relationships  between  nodes
and  their  features,  while  also  processing  information
synchronously  within  the  nodes’  neighborhoods  (Peng
et al., 2022). This advanced capability has made GNN an
effective  and  popular  tool  in  many  fields,  especially  in
dealing with tasks that require the analysis and processing
of  complex  relationships  between  nodes  (Wu  et  al.,
2020).  Furthermore,  the  characteristics  of  GNN  offer  a
new  perspective  and  approach  for  machine  learning  in
handling  graph-structured  data,  driving  deeper  and
broader research across various domains.
In traditional GNN models, such as graph convolutional

networks  (GCNs)  (Li  et  al.,  2023a)  and  GraphSAGE
(Zhang  et  al.,  2022),  an  equitable  feature  aggregation
method  for  adjacent  nodes  is  adopted  to  compute  the
representation of the central node. The advantage of this
method  is  its  equal  integration  of  node  information,
providing  a  comprehensive  feature  view  for  the  central
node.  This  balanced  approach  ensures  fairness  and
consistency  in  capturing  spatial  relationships  between
nodes within the model, thereby effectively avoiding over-
reliance  on  or  bias  toward  specific  nodes.  Furthermore,
this  equitable  feature  aggregation  strategy  simplifies  the
learning process of the model and reduces its complexity,
making  GNN  more  efficient  in  processing  large-scale
graph data. In many application scenarios, such as social
network  analysis  and  traffic  networks,  this  method  has
been  proven  to  effectively  capture  and  represent  the
global  structural  features  of  the  graph  (Buffelli  and
Vandin,  2022),  thereby  providing  a  robust  and  reliable
performance  foundation  for  related  tasks.  Nevertheless,
traditional  GNN  models  primarily  focus  on  the  spatial
relationships between nodes and their neighbors, and are
unable  to  effectively  capture  the  dynamic  temporal
features  of  nodes.  This  limitation  becomes  significant
when  dealing  with  time-related  tasks,  such  as  predicting
enterprise  states  or  behavioral  changes.  As  traditional
GNNs face challenges  in  handling time series  data,  they
cannot  fully  leverage  temporal  information  to  improve
prediction accuracy.
The  proposed  BTGCN  task  network  also  exhibits

certain similarities to traffic or social networks, with each
task  (node)  having  unique  features,  interacting  spatially
with  adjacent  tasks  while  being  related  temporally  to  its
historical observations. We therefore employ BTGCN for
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more  precise  task  bottleneck  predictions,  based  on  the
spatial features of the task network and the temporal data
of task execution.  By applying advanced neural  network
technology within the complex environment of the manu-
facturing domain and accurately capturing the correlations
of  temporal  and  spatial  information,  the  BTGCN model
has  important  advantages  in  addressing  these  prediction
challenges.

 

3    Methodology

 3.1    Problem statement

In  the  era  of  digital  manufacturing,  the  efficiency  and
responsiveness of task execution have become central  to
competitiveness  in  the  industry(Ahuett-Garza  and
Kurfess,  2018).  With  the  variability  of  market  demands,
the  efficient  mitigation  of  task  bottlenecks  has  emerged
as a critical factor in system performance. The development
of  digital  manufacturing  enterprises  has  led  to  a  huge
increase  in  the  amount  of  system  data  (Chryssolouris
et  al.,  2009),  enabling  a  comprehensive  depiction  of  the
enterprise task process while providing a data foundation
for  identifying  and  interpreting  complex  task  associa-
tions. Traditional bottleneck prediction methods based on
time  series  data,  which  have  shown  limitations  in
addressing  complex  business  processes  and  fluctuating
market demands—often assume the system is static. This
approach  overlooks  how  in  actual  operations,  system
states are dynamically changing; not only do bottlenecks
drift  over  time,  but  bottleneck  congestion  locations  also
shift  due  to  changes  in  task  spatial  associations  (Biller
et  al.,  2009).  A  more  flexible  and  dynamic  approach  is
therefore  invaluable  for  capturing  the  real-time  state  of
the  system  and  more  accurately  predicting  potential
bottlenecks.  This  study  examines  how  to  quantify  the
spatial  associations  between  tasks  and  fuse  them  with
temporal features applied to bottleneck identification and
prediction.  To  achieve  this  objective,  it  is  necessary  not
only to conduct in-depth analyses of time series data that
capture the temporal dynamics of task execution, but also
to  consider  the  implications  of  spatial  features  between
tasks.

 3.2    Problem definition

This  research  is  centered  on  bottleneck  prediction,  with
the aim of leveraging historical  task operation data from
the  system  to  predict  throughput  bottlenecks  within  a
designated  time  window.  Our  methodology  entails  the
construction  of  spatial  relationships  among  tasks  to
establish  an  adjacency  matrix,  while  concurrently
employing task execution frequency as a metric to quantify
throughput,  thus  facilitating  the  creation  of  a  feature
matrix.  Through  this  level  of  meticulous  analysis  and

G XN×P

computation,  it  is  possible  to  effectively  predict  and
manage  bottleneck  issues.  The  problem  definition  used
for  our  analytical  process  consists  of  two  parts:  Task
Network   and Feature Matrix  .

G = (V,E)

V = {v1,v2, ...,vN} N
E

A ∈ RN×N

Definition  1:  Task  Network  G.  We  define  a  task
network as an unweighted graph   to characterize
the topological structure between tasks. Each task herein
is  considered  as  a  node  within  the  graph,  with  the  set

  representing  all  task  nodes,  where 
denotes the total number of nodes.   represents the set of
edges between nodes, and the adjacency matrix 
describes the connections between tasks, consisting of 0s
and 1s to reflect the direct contact between nodes.

XN×P

X ∈ RN×P

N P

Xt ∈ RN×m

m

Definition  2:  Feature  Matrix  .  Within  this  frame-
work,  the  task  throughput  information  on  the  task
network  is  regarded  as  attribute  features  of  the  network
nodes, represented by the feature matrix  , where
  represents  the  number  of  nodes,  and    represents  the

number  of  attribute  features  for  each  task  node  (the
length  of  historical  time  series).  is  used  to
denote  the  execution  frequency  of  each  task  node  at 
time points.
Our two-part definition enables us to precisely capture

and analyze the dynamic behaviors of various task nodes
across different time series, thereby optimizing the overall
performance  of  the  network.  This  approach allows us  to
effectively predict and adjust task nodes to accommodate
future workload variations, thereby enhancing the overall
throughput and efficiency of system tasks.

f G
X

T

The spatio-temporal bottleneck prediction problem can
thus  be  viewed  as  the  process  of  learning  a  mapping
function  , given a task network   and its corresponding
feature matrix  , with the aim of predicting the execution
frequency  information  for  the  next    time  points,  as
shown in Eq. (1):
 

Xt+1, Xt+2, . . . , Xt+T = f
(
G ;
(
Xt−p, . . . , Xt−1, Xt

))
, (1)

T

p

wherein    defines  the  number  of  future  time  points  for
which  the  model  makes  predictions,  such  as  how  many
time points into the future the prediction extends from the
current  moment,  and    defines  the  time  window  of  the
time  series  used  for  prediction,  such  as  how  many  past
time points’ data are considered in making the prediction.

 3.3    Methods

In  applying  BTGCN  to  task  bottleneck  prediction,  the
model integrates GCN and GRU, where the GCN compo-
nent  analyzes  the  complex  topology  of  the  task  network
to  capture  spatial  dependencies  and  extract  spatial  fea-
tures,  and  the  GRU component  handles  time  series  data
with spatial  features.  This  method captures temporal  dy-
namics through inter-unit information transfer mechanisms
and the  extraction  of  temporal  features.  Specifically,  the
process  involves  constructing  a  task  network  to  identify
interrelated tasks, obtaining the necessary spatial adjacency
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matrix  data,  and  then  using  GCN  to  capture  the  spatial
features  among  these  tasks.  Next,  based  on  the  task’s
time  series  data,  we  use  GRU  to  extract  temporal
features. Finally, the fully connected layer of the BTGCN
model  performs  comprehensive  analysis  to  generate
prediction  results.  Figure  4  illustrates  this  four-step
prediction process more intuitively.

 3.3.1    Task network

In our proposed task network (which demonstrates similar
characteristics  to traffic  or  social  networks),  each task is
considered  a  unique  node  with  specific  task  features.
These tasks interact with adjacent ones on a spatial level
and are associated with their historical execution records
on a temporal dimension. To construct this task network,
we collect and pre-process the enterprise resource planning
(ERP)  system  data  from  a  large  ship-building  company
over  a  period  of  two  years  and  10  months.  Identifying
tasks processed by the same operator enables our identifi-
cation of interrelations among the various tasks. Based on
these  associations,  we  construct  a  task  network  matrix,
effectively  depicting  the  spatial  connections  between
tasks,  where  the  construction  process  in  three  steps  is
illustrated in Fig. 5.

 3.3.2    Graph convolutional network (spatial dependency
modeling)

In digital manufacturing enterprises, the complex interre-
lations and mutual influences among tasks determine the

efficiency  and  timeliness  of  operations.  To  accurately
predict  potential  bottlenecks,  it  is  crucial  to  identify  and
model  these  complex  interactions.  While  traditional
CNNs  excel  at  extracting  local  spatial  features,  they  are
primarily  suited  for  regular  Euclidean  data  structures,
such  as  images  and  regularly  arranged  grids.  For  task
networks  represented  as  irregular  graph  structures,  this
limitation  makes  it  challenging  for  CNNs  to  accurately
reveal  complex  topological  connections,  thus  failing  to
fully capture the spatial dependencies between tasks.

A
X

A X

In  recent  years,  the  emergence  of  GCN  has  provided
new  insights  for  addressing  these  issues.  GCN  has
demonstrated outstanding performance on non-Euclidean
data, where it can adapt to various complex graph structures
(Bronstein et al., 2017). By defining filters in the Fourier
domain and applying them to the nodes of a graph, GCN
considers the information of each node and its surrounding
neighborhood, thereby effectively capturing spatial  char-
acteristics.  This  approach  has  shown  broad  application
potential  in  fields  such  as  node  classification  (Parisot
et al., 2018), relationship prediction (Zhang et al., 2019),
and  graph-structured  data  (Vashishth  et  al.,  2019).
Specifically,  GCN  inputs  the  adjacency  matrix    and
feature  matrix  ,  utilizing  a  multi-layer  convolutional
structure to delve into and learn the spatial dependencies
within the graph, thus offering a powerful analytical tool
for  tasks  like  document  classification,  social  network
analysis,  and  image  recognition.  With  the  provision  of
adjacency  matrix    and  feature  matrix  ,  the  GCN
model establishes filters in the Fourier domain to perform
feature  analysis  of  graph  nodes.  These  filters  focus  on

 

Fig. 4    Bottleneck prediction methodology flowchart.
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each node in the graph and its  directly connected neigh-
borhood,  meticulously  extracting  spatial  connectivity
characteristics.  By stacking several  convolutional  layers,
GCN  can  progressively  deepen  the  understanding  and
representation of the graph structure, effectively capturing
the  complex  spatial  relationships  between  nodes.  The
basic hierarchical relationship can be represented as
 

H(l+1) = σ(D̃−
1
2 ÃD̃

− 1
2 H(l)W (l)), (2)

H(l+1) l+1
l = 0 H(0) = X σ

Ã = A+ IN
A IN

D̃ Ã
D̃u =

∑
jÃi j W (l) l

wherein   is the node feature matrix at layer   (for
,  , the input feature matrix),   represents the

sigmoid function in the nonlinear model,   is the
adjacency matrix   plus the identity matrix   to account
for self-connections,   is the degree matrix of  ,  where

,  and    is  the  weight  matrix  at  layer  .  In
this study, we employ a two-layer GCN model to capture
spatial dependencies, with its formulation given as
 

f (X,A) = σ(ÂPReLU(ÂXW0)W1), (3)

f (X,A) X
A

Â

PReLU(ÂXW0)
W0

W1

wherein    takes  the  graph’s  feature  matrix    and
adjacency matrix   as  inputs,  representing the output  of
the entire GCN model.   denotes the pre-processed adja-
cency matrix,  PReLU is  used as the nonlinear activation
function,  and    signifies  the  first  layer  of
graph  convolution  operation,  where    is  the  weight
matrix  from the  input  layer  to  the  hidden  layer,  and 
represents the weight matrix from the hidden layer to the
output layer.

D̃− 1
2 ÃD̃− 1

2

In  this  basic  GCN  model,  each  layer  normalizes  its
input  through  ,  then  multiplies  it  with  the
weight matrix and applies a nonlinear activation function.
Hence, each layer is capable of effectively capturing and

integrating the local neighborhood information of nodes,
progressively  constructing  a  deep  understanding  of  the
entire graph structure. By stacking multiple layers of such
structure,  GCN  can  capture  the  complex  spatial  depen-
dencies between nodes.

 3.3.3    Gated recurrent unit (temporal dependency
modeling)

In  the  complex environment  of  enterprises,  tasks  exhibit
significant  temporal  correlations  and  interdependencies.
To  effectively  model  and  predict  such  temporal  charac-
teristics,  we  employ  GRU,  an  efficient  neural  unit
designed  specifically  for  capturing  dependencies  in  time
series data (Shen et al., 2018). The variation in bottleneck
locations  is  a  result  of  combined  effects  of  the  task
network’s spatial dynamics, its historical time series data,
and enterprise planning. In this context, RNN provides a
widely applied methodological framework for processing
sequence  data.  Nevertheless,  RNNs  are  limited  by  the
vanishing and exploding gradient problem when handling
long-term dependencies  (Arjovsky  et  al.,  2016).  Serving
as  an  improvement,  LSTM  and  GRU  introduce  gating
mechanisms,  significantly  enhancing  the  model’s  ability
to  capture  temporal  dependencies  (Tallec  and  Ollivier,
2018). Although LSTM and GRU share the core concept
of  gating  mechanisms  in  their  structure,  GRU  has  been
shown  to  be  more  efficient  in  many  contexts  due  to
having  fewer  parameters  and  a  simpler  architecture
(Zhang  et  al.,  2018;  Kisvari  et  al.,  2021).  Employing  a
GRU  model  allows  us  to  capture  the  current  moment’s
bottleneck throughput while retaining the trend of historical
bottleneck  throughput  variations,  thus  providing  the

 

Fig. 5    Task network construction methodology.
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capability  to  capture  temporal  correlations.  Given  the
predictive  task  requires  integrating  the  entire  network
structure  information,  it  is  imperative  to  consider  the
embedding  information  of  all  nodes  in  the  graph.  To
accurately predict  and understand the global  behavior  of
executing  tasks,  it  is  therefore  necessary  to  integrate  the
embedding  information  of  various  nodes,  wherein
construction  of  a  graph-level  representation  reflects  the
entire task network’s characteristics, as follows:
 

Hgraph = AGGREGATE(H(1),H(2), . . . ,H(N)), (4)

Hgraph H (i)
i

wherein    represents  the  graph-level  features, 
denotes the embedding of the  th node, and AGGREGATE
is  the  aggregation  function,  employed  to  implement  the
aggregation operation of the graph neural network.

Hgraph

Hgraph

The  selection  of  a  global  aggregation  function  should
be  optimized  based  on  the  requirements  of  the  specific
application  scenario.  For  instance,  global  sum  pooling
may offer superior performance when the focus is on the
scale  of  nodes within the graph.  We employ global  max
pooling  to  construct  the  graph-level  feature  .  This
method  effectively  captures  key  spatial  attributes  by
filtering the most significant features across each embed-
ding  dimension.  The  constructed    is  subsequently
used as input to GRU, facilitating the model’s capability
to capture and integrate the dynamics of time series data.
Each  learning  unit  of  the  GRU  cell  uses  the  following
Equations:
 

zt = σ
(
Wz ·
[
ht−1,Hgraph

])
, (5)

 

rt = σ
(
Wr ·
[
ht−1,Hgraph

])
, (6)

 

h̃t = tanh(Wh · [rt ∗ht−1,Hgraph]), (7)

 

ht = (1− zt)∗ht−1+ zt ∗ h̃t, (8)

zt rt

Wz Wr Wh

ht−1

wherein    and    are  the  update  gate  and  reset  gate
vectors at the current time step, respectively, determining
how much information from the previous moment needs
to be retained or ignored.  ,  , and   are the weight
matrices  for  the  update  gate,  reset  gate,  and  candidate
hidden state,  respectively,  and    represents  the hidden
state from the previous time step.

 3.3.4    Bottleneck spatio-temporal graph convolutional
network

To comprehensively exploit the spatial layout and temporal
dynamics  of  executing  tasks  in  digital  manufacturing
enterprises, the proposed BTGCN model integrates GCN
and  GRU.  The  core  innovation  of  BTGCN  lies  in  its
capability  to  simultaneously  parse  the  spatio-temporal
bottleneck characteristics of system tasks. By merging the

spatial  feature  extraction  ability  of  GCN  with  the  time
series processing advantage of GRU, the model achieves
a deep understanding and accurate prediction of complex
business  processes.  Furthermore,  its  adaptability  and
sensitivity  enhance  our  ability  to  assess  complex  spatial
dependencies and temporal evolution trends by introducing
multi-scale  feature  aggregation  and  dynamic  weight
adjustment  strategies.  These  characteristics  enable
BTGCN to effectively improve the accuracy and stability
of  predictions  when  dealing  with  high-dimensional  and
variable system task data.
In  its  architectural  design,  BTGCN  initially  utilizes

GCN as  a  spatial  feature  extractor,  optimizing its  ability
to  analyze  the  nodes  of  tasks  and  their  connectivity,
thereby  strengthening  the  model’s  recognition  of  key
nodes  and  bottleneck  areas.  By  capturing  the  complex
relationships among nodes in space with GCN, the model
effectively extracts deep features about the task structure.
Subsequently, through the GRU layer acting as a temporal
feature extractor, the model can capture long-term depen-
dencies  within  the  time  series.  Introduction  of  the  GRU
layer not only increases the model’s memory capacity for
historical data but also allows for dynamic adjustment of
focus on historical information, thus improving the accu-
racy and robustness of predictions. Finally, by employing
Multi-Layer  Perceptron  (MLP)  as  the  prediction  layer,
spatial and temporal features are integrated to output the
final  bottleneck  prediction  results.  To  further  enhance
performance,  BTGCN  incorporates  regularization  and
optimization  strategies  to  ensure  the  model  possesses
good  generalization  ability  and  computational  efficiency
across  diverse  system  environments.  By  using  these
strategies, BTGCN effectively adapts to various enterprise
environments  when handling high-dimensional  and vari-
able system task data, improving the accuracy and stability
of predictions.

 3.3.5    Loss function

∑T
t=1(Yt − Ỹt)

2

Ỹt
t Yt

λ
∑

l∥W (l)∥22
W (l)

λ

The  loss  function  employed  by  the  BTGCN  model  is
designed  to  ensure  the  accuracy  of  its  predictions  while
preventing  overfitting,  comprising  two  parts.  The  first
part  is  the  sum  of  squared  errors,  represented  as

,  which  calculates  the  mean  squared  error
between  the  model’s  predicted  bottleneck  feature  values
 at each time step   and the actual observed values  ,

intuitively  reflecting  the  model’s  predictive  performance
across  the  entire  time  series.  The  second  part  is  the  L2
regularization  term,  ,  which  constrains  the
model’s complexity by penalizing all weights  , where
  is  the  hyperparameter  for  regularization strength.  This

combined  loss  function,  integrating  error  minimization
and regularization, not only facilitates the model’s learning
on historical data, but also enhances the model’s general-
ization  capability  by  controlling  the  growth  of  weights,
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thus  improving  its  performance  on  unseen  data.  We  use
the following equation to calculate the data:
 

L =
T∑

t=1

(
Yt − Ỹt

)2
+λ
∑

l

∥W (l)∥22. (9)

 3.3.6    Bottleneck identification

Ti

i

In  digital  manufacturing  enterprises,  task  execution
frequency  is  commonly  used  to  measure  throughput,
where  the  system’s  processing  capacity  is  reflected  by
calculating  the  number  of  times  a  specific  task  is
completed  within  a  unit  of  time  (Subramaniyan  et  al.,
2018b).  Specifically,  throughput    is  defined  as  the
execution  frequency  of  the  th  task  within  a  given  time
frame,  with  the  total  throughput  of  the  system being the
sum  of  all  tasks’  throughputs.  Within  this  framework,
bottleneck tasks can be identified as those with the lowest
throughput, as they restrict the flow and efficiency of the
entire system. In other words, bottleneck tasks (by defini-
tion) are completed more slowly relative to others, leading
to  production  backlogs  and  decreased  efficiency.  By
identifying  and  optimizing  these  bottleneck  tasks,  the
performance  of  the  whole  system  can  be  significantly
improved,  helping  to  uncover  and  address  key  issues
limiting  efficiency.  This  makes  the  measurement  of
throughput using task execution frequency and identifica-
tion of bottleneck tasks an effective optimization strategy.
The  process  of  identifying  bottlenecks  in  this  study
involves three steps:

i Ti

1) Calculate the throughput of each task. For each task
  in  the  system,  we  first  calculate  its  throughput  ,  the
task execution frequency per unit time:
 

Ti =
Execution frequency

Time unit
. (10)

Tsystem

2)  Calculate  the  total  throughput.  Subsequently,  by
calculating  the  sum  of  the  throughput  of  all  tasks,  the
total  system throughput    is  obtained,  reflecting  the
overall processing capacity of the system:

 

Tsystem =

n∑
i=1

Ti. (11)

3)  Identify  the  bottleneck  task.  Finally,  the  task  with
the lowest throughput is identified as the bottleneck task
(R.  Thorne,  2006),  primarily  because  in  business
processes  or  any  type  of  flow,  the  output  speed  of  the
entire  system  is  constrained  by  its  slowest  part.  This
concept is derived from TOC/bottleneck theory (Goldratt
and Cox, 1984), where “bottleneck” refers to the narrow
section that limits the overall performance of the system:
 

BT = argmin
t
{Tt} . (12)

In summary, understanding and identifying task bottle-
necks  are  crucial  for  improving  efficiency  and  perfor-
mance.  By  pinpointing  the  tasks  that  limit  overall
throughput,  resources  and  optimization  efforts  can  be
focused  on  enhancing  these  specific  tasks,  thereby
improving the performance of the entire system.

 

4    Experiments

 4.1    Data description

We  evaluate  the  predictive  performance  of  BTGCN
model based on a data set from the ERP system of a large
ship-building  company,  during  a  period  spanning  two
years  and  10  months.  The  data  set  comprises  727,665
records, covering 202 different management tasks, with a
sample  of  the  data  shown  in  Table  1.  Specifically,  the
analysis focuses on 27 key management tasks to explore
their  impact  and  characteristics  within  the  business
processes.  The  experimental  data  integrates  both  spatial
relationships and time series dimensions: on one hand, a
27×27 adjacency matrix meticulously outlines the spatial
dependency  relationships  between  tasks,  with  matrix
elements  quantitatively  reflecting  the  interconnectivity
between  tasks;  on  the  other  hand,  the  feature  matrix
records the execution frequency of each task, summarizing
the  execution  frequencies  over  12-h  and  24-h  cycles  to

 

Table 1    Partial content of user’s original operation data

Userid TaskName LoginTime LogoutTime

1 Sporadic material request form 2018/08/03 10:13:23 2018/08/03 10:30:41

2 Material custody issued 2018/08/06 08:17:53 2018/08/06 10:07:28

3 Direct bill of material 2018/08/13 08:35:41 2018/08/13 08:39:20

4 Bill of sale 2015/11/06 09:08:08 2015/11/06 09:11:25

.

.

.
.
.
.

.

.

.
.
.
.

397 Audit of warehouse receipts 2017/02/04 08:32:47 2017/02/04 08:33:32

398 transfer order 2018/04/02 16:07:54 2018/04/02 16:18:06

399 Material item adjustments 2018/01/03 08:23:08 2018/01/03 09:12:40
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reflect the periodicity and temporal patterns of tasks.

 4.2    Data pre-processing

G = (V,E) V
E

We initially conduct a data quality check, which includes
data  integrity  verification,  handling  of  missing  values,
and  identification  and  processing  of  outliers.  Given  the
extensive  time  span  of  the  data,  12-h  and  24-h  intervals
are chosen as time windows to better reflect the periodicity
and trends in task execution. Using Python, the execution
frequency of  each task within  each time window is  then
calculated  from the  raw data.  Considering  the  execution
frequency differences caused by the inherent characteris-
tics  of  management  tasks  in  manufacturing  enterprises,
task  filtering  is  performed.  Tasks  with  extremely  low
execution  frequencies  due  to  their  intrinsic  features—
those with zero execution frequency in more than 50% of
the  time  windows—are  identified  and  excluded.  Such
tasks,  due  to  their  inherent  properties,  do  not  require
frequent  operation within  the  system and are  unlikely  to
become  bottleneck  tasks.  They  contribute  minimally  to
model learning and future prediction, and may introduce
noise.  After  filtering,  27  tasks  of  high  data  quality  and
representativeness  are  selected  for  subsequent  feature
extraction  and  model  training.  Moreover,  to  comprehen-
sively capture the structural characteristics between tasks,
we construct a task network or graph  , where 
and    represent  nodes  (management  tasks)  and  edges
(dependencies between tasks), respectively. Through this
graphical  representation,  not  only  can  the  time  series
features of each task be extracted,  but  the spatial  depen-
dencies between tasks can also be obtained.
Following  data  filtering  and  graphical  representation,

we  further  normalize  the  selected  task  data  to  ensure
effective  model  training  and  predictive  performance.
Specifically, we adopt the most commonly used min-max
normalization  (feature  scaling)  method,  based  on  the
following equation:
 

X′i =
Xi−min(X)

max(X)−min(X)
, (13)

Xi

min(X) max(X)
X′i

wherein   represents a specific value in the original data,
  and    respectively  denote  the  minimum

and  maximum  values  within  the  data  set,  and    is  the
new value  after  normalization.  Through  this  method,  all
task  execution  frequency  data  are  transformed  into  a

range from 0 to  1,  enhancing the comparability  between
different  tasks  while  also  supporting  stable  training  and
rapid convergence of deep learning models.

 4.3    Hyperparameter selection

 4.3.1    Hyperparameters

Hyperparameters for the BTGCN model include: learning
rate, batch size, training epochs, number of hidden units,
and weight optimization, as shown in Table 2.
The number of hidden units has a crucial impact on the

performance  of  the  BTGCN model,  as  it  determines  the
amount  of  information  and  complexity  the  model  can
capture.  Different  amounts  of  hidden  units  will  directly
affect  the  prediction  accuracy.  To  identify  the  optimal
number  of  hidden  units,  we  conduct  a  series  of  experi-
ments, systematically varying the number of hidden units.
By  comparing  the  prediction  outcomes  under  different
configurations,  we  can  assess  the  impact  of  various
numbers  of  hidden  units  on  model  performance  and
thereby  determine  the  optimal  number  of  hidden  units
that  could  provide  the  highest  prediction  accuracy,  as
shown in Fig. 6.
The left section of Fig. 6 demonstrates the performance

variation of the BTGCN model with different hidden unit
configurations  based  on  24-h  cycle  data,  while  the  right
section corresponds to the situation with 12-h cycle data.
From these figures, we observe that when the cycle is set
to  24  h,  a  hidden  unit  configuration  of  200  enables  the
model  to  achieve optimal  performance;  correspondingly,
for  the  12-h  cycle  data,  the  model  exhibits  the  best
performance  when  the  number  of  hidden  units  is  set  to
128.  Based  on  these  figures,  we  select  the  optimal
number  of  hidden  units  corresponding  to  the  different
characteristics  of  periodic  data,  ensuring  the  model
 

Table 2    Hyperparameter tuning process

Hyperparameters Range

Learning Rate {0.1,0.01.0.001}

Batch Size {16,32,64}

Epoch {3000,4000,5000}

Number of Hidden Units {64,100,128,200}

Weight Optimization {SGD, RMSprop, Adam, Adagrad}

 

Fig. 6    Performance variation of BTGCN with different hidden units.
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maximizes  its  predictive  efficacy  within  the  respective
time ranges.

 4.3.2    Training

For the configuration of the BTGCN model’s input layer,
80% of the data are utilized as the training set during the
model  training  phase  to  facilitate  the  model’s  learning
and  parameter  optimization.  The  remaining  20%  of  the
data are reserved as the test set, which is used to evaluate
the  model’s  generalization  ability  and  predictive  perfor-
mance  after  training  completion.  The  BTGCN  model
employs  the  Adam  optimizer  for  model  training.  The
Adam  optimizer  algorithm  combines  momentum  and
adaptive  learning  rate  techniques,  adjusting  the  update
strategy  for  each  parameter  through  the  calculation  of
first-order  moment  estimates  and  second-order  moment
estimates of the gradients.

 4.4    Comparison methods

This  study  compares  the  proposed  BTGCN  model  with
the  following  six  commonly  used  bottleneck  prediction
methods:
1) History Average model (HA). The HA model can be

used to predict bottleneck situations based on past perfor-
mance.  In  bottleneck  prediction,  the  HA  model  simply
predicts the likelihood of a bottleneck at a future moment
by  calculating  the  average  frequency  of  past  bottleneck
occurrences;
2)  Autoregressive  Integrated  Moving  Average

(ARIMA).  The  ARIMA  model  is  capable  of  modeling
and  predicting  bottleneck  situations  in  time  series  data,
which  is  especially  suitable  for  cases  where  bottlenecks
have clear time series characteristics and periodicity;
3) Support Vector Regression (SVR). SVR constructs a

hyperplane  or  sets  of  hyperplanes  for  predictions,  with
the  goal  of  maximizing  the  margin  between  the  actual
and  predicted  outputs  within  a  predetermined  tolerance
range;
4)  Graph  Convolutional  Network  (GCN).  GCN learns

representations of nodes by applying convolutional oper-
ations  on  the  nodes  of  a  graph,  effectively  capturing
spatial relationships between nodes;
5)  Gated  Recurrent  Unit  (GRU).  GRU  introduces  the

concepts of update and reset gates to regulate the flow of
information,  allowing  the  network  to  capture  long-
distance dependencies in time series data; and
6) Bidirectional Long Short-Term Memory (BiLSTM).

BiLSTM  is  a  variant  of  the  Long  Short-Term  Memory
(LSTM)  network.  The  BiLSTM  model  effectively
predicts potential bottlenecks in the system by analyzing
historical  and  future  task  execution  patterns,  thereby
providing  support  for  production  scheduling,  resource
allocation, and other decisions.

 4.5    Experimental results

We utilize three metrics to evaluate the predictive perfor-
mance  of  the  BTGCN  model:  MAE,  RMSE,  and  R2,
calculated as follows:
1) Mean Absolute Error (MAE):

 

MAE =
1

nt ·ns

nk∑
j=1

ni∑
i=1

∣∣∣Yi j− Ỹt j

∣∣∣ . (14)

2) Root Mean Squared Error (RMSE):
 

RMSE =

√
1

nt ·nt

ns∑
j=1

nt∑
i=1

(
Yi j− Ỹt j

)2
. (15)

3) Coefficient of Determination (R2):
 

R2 = 1−

ns∑
j=1

nt∑
i=1

(Yi j− Ỹi j)2

ns∑
j=1

nt∑
i=1

(Yi j−Y j)2
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wherein    and    respectively  represent  the  actual
bottleneck  information  and  predicted  value  for  the  th
task  at  the  th  time  sample,    is  the  number  of  time
samples,   is the number of tasks,   and   respectively,
denote the sets of   and  , while   is the average value
of  .
Table  3  presents  a  comparison  of  the  performance  of

the  BTGCN  model  and  other  baseline  methods  on  the
ERP system data set for 12-h and 24-h forecasting tasks.
An asterisk (*) indicates a value so small as to be negligi-
ble, signifying poor predictive performance of the model.
It  can  be  observed  that  the  BTGCN model  achieves  the
best  predictive  performance  under  almost  all  evaluation
metrics for all prediction ranges, demonstrating its effec-
tiveness in spatio-temporal bottleneck prediction tasks in
three  key  areas  of  overall  predictive  accuracy,  spatial
predictive capacity, and temporal predictive capacity.
The BTGCN model exhibits three primary advantages:
1)  Higher  overall  predictive  accuracy.  Compared  to

traditional  methods,  the  deep  learning-based  BTGCN
model,  GRU,  and  BiLSTM show  significant  advantages
in predictive accuracy. When comparing baseline models
such as HA, ARIMA, and SVR, neural network methods
that  are  centered  around  time  series  feature  modeling,
like BTGCN, GRU, and BiLSTM, typically offer  higher
accuracy. For instance, in the 24-h throughput prediction
task, the RMSE of BiLSTM, GRU, and BTGCN models
decreased by approximately 4.61%,  2.65%,  and 37.49%,
respectively, compared to the HA model, while the MAE
of  the  BTGCN  model  decreased  by  about  30.46%
compared  to  the  HA  model.  Compared  to  the  ARIMA
model,  the  MAE  of  GRU,  BiLSTM,  and  BTGCN
decreased by about 11.22%, 4.44%, and 39.94%, respec-
tively;  while  the  RMSE  of  BTGCN decreased  by  about
11.78%  compared  to  the  ARIMA  model.  Compared  to
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SVR, BTGCN’s RMSE and MAE decreased by approxi-
mately 25.71% and 15.60%, respectively. These significant
performance improvements are attributed to the limitations
of  methods  like  HA,  ARIMA,  and  SVR  in  handling
complex  non-stationary  time  series.  The  predictive
performance  of  the  GCN  model  is  relatively  lower,
mainly  because  it  only  considers  spatial  features  while
neglecting  the  complexity  of  time  series  data.  This  is
particularly  prominent  in  task  execution  data,  which
comprises inherently typical time series data. In contrast,
as a mature but relatively simple method, HA’s predictive
accuracy  is  usually  lower  than  SVR’s,  mainly  due  to
HA’s limitations in handling long-term or non-stationary
data,  while  SVR  can  address  nonlinear  issues  through
kernel tricks;
2)  Strong  spatial  predictive  capability.  To  assess  the

BTGCN  model’s  ability  to  capture  spatial  features  of
system  data,  we  conduct  a  comparative  study  with  the
GCN model, as shown in Fig. 7. Specifically, for the 24-h
bottleneck  prediction,  the  BTGCN model—compared  to
the  GCN  model  which  focuses  solely  on  spatial
features—demonstrates a reduction in RMSE by approxi-
mately  54.91%  and  also  shows  a  significant  decrease  of
49.07% in the 12-h prediction, highlighting its remarkable
capability in capturing spatial dependencies; and
3)  Strong  temporal  predictive  capability.  To  evaluate

the  BTGCN  model’s  ability  to  capture  the  temporal
features of system data, we conduct a comparative study
with the GRU and BiLSTM models. The results indicate
that the BTGCN model, which integrates spatio-temporal
features,  displays  superior  predictive accuracy compared
to  single-dimensional  temporal  feature  models  (GRU,
BiLSTM), as shown in Fig. 7. This outcome validates the

effectiveness  of  BTGCN in  integrating  and  utilizing  the
temporal features of system data.
Compared  to  the  GRU  and  BiLSTM  models,  which

focus  solely  on  temporal  dynamics,  the  BTGCN  model
achieves  a  reduction  in  RMSE  of  35.78%  and  34.47%,
respectively,  in  the  24-h  bottleneck  prediction,  further
proving  its  advantage  in  capturing  time  series  correla-
tions.  Overall,  the  comparative  results  highlight  the
BTGCN  model’s  superior  capability  in  understanding
and predicting complex system bottlenecks, emphasizing
the  importance  of  temporal  feature  data  in  accurate
prediction.

 4.6    Model interpretation

To better understand the BTGCN model, we select three
tasks and visualize their prediction results on the test set.
Figures  8, 9,  and 10 display  the  visualization  results  for
the throughput predictions of Actual Dispatch of Materi-
als,  Direct  Issue  Orders,  and  Material  Sales  Orders,
respectively.  In  these  visualizations,  the  horizontal  axis
represents the day number, while the vertical axis denotes
the throughput of the tasks. In analyzing these results, we
observe three key points:
1)  The  BTGCN  model  exhibits  certain  deviations  in

predicting the extremities (local minima/maxima) of vari-
ous  tasks  (Figs.  8  and  9).  This  may  stem  from  two
factors: (a) GCN might tend toward smoothing in capturing
spatial  features—which  in  the  Fourier  domain,  involves
aggregating  information  from  neighboring  nodes  to  ob-
tain  a  node’s  feature  representation—thus  aiding  the
identification  of  broad  patterns  and  trends.  Yet  this
smoothing operation could also lead to reduced sensitivity

 

Table 3    Comparison of predictive performance across different methods on the data set

Time peried Metric HA ARIMA SVR GCN GRU BiLSTM BTGCN

24 h MAE 3.1224 3.6155 2.5727 4.8725 3.2097 3.4551 2.1714

RMSE 6.2081 4.3993 5.2243 8.6062 6.0434 5.9220 3.8809

R2 0.5245 * 0.6633 0.0866 0.5494 0.5277 0.8145

12 h MAE 7.0186 7.9897 5.3829 9.8020 5.7839 6.1564 4.9502

RMSE 13.1272 10.1689 10.2371 16.4343 11.1195 11.0783 8.3694

R2 0.4453 * 0.6626 0.1297 0.6018 0.5954 0.7744

 

Fig. 7    Comparison of spatial and temporal predictive performance of BTGCN.
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of the model in capturing rapid changes or peaks, resulting
in deviations at extremities; (b) Insufficient dynamism in
BTGCN’s  handling  of  time  series.  Extremities  in  time
series data are often caused by sudden events or irregular
changes  (such  as  holidays),  requiring  the  model  to  have
sufficient flexibility and sensitivity to capture these rapid
changes;
2)  For  tasks  with  zero  execution  frequency,  there  is  a

certain  discrepancy  between  the  model  predictions  and
the  actual  throughput  information  (Fig.  10).  Zero
frequency indicates that the task was not executed during
certain  periods,  leading  to  data  sparsity  and  causing  the
model to lack sufficient contextual information for accurate
prediction; and
3)  The  BTGCN  model  demonstrates  good  overall

adaptability and predictive accuracy for tasks with different
characteristics.  For  example,  it  effectively  captures  the
spatio-temporal  features  of  task  throughput,  revealing
trends in throughput changes. Notably, the model is capable
of identifying the start and end of peak times, making the
predictive  pattern  resemble  the  actual  task  execution
frequency  trend.  These  characteristics  significantly
enhance the model’s ability to predict potential congestion
and bottlenecks.

 4.7    Validation of model generalizability and model
limitations

To validate the generalizability of our BTGCN model and
its  applicability  across  a  broader  range  of  scenarios,  we
select ERP task operation data from a technology-intensive
ship-building enterprise in China that significantly differs
from the  previously  studied  discrete  ship-building  enter-
prises,  in  that  it  has  a  much  lower  frequency  of  task
execution.  By  comparing  our  model’s  performance  on
two  distinct  types  of  manufacturing  enterprises—those
with  high  task  frequency  versus  those  with  low  task
frequency,  as  shown  in  Table  4 —we  aim  to  assess  its
robustness and identify any industry-specific adjustments
that may be required to do what.
BTGCN  is  designed  to  handle  complex  temporal  and

spatial dependencies in manufacturing processes. While it
has shown significant advantages in discrete manufactur-
ing  enterprises  with  high-frequency  task  execution,  its
performance  in  technology-intensive  enterprises,  where
task  execution  frequency  is  lower,  is  less  impressive
compared  to  traditional  models  like  SVR.  The  primary
reason  for  this  disparity  is  the  lower  frequency  of  task
executions  in  technology-intensive  enterprises,  which
results  in  sparse  temporal  patterns.  BTGCN  relies  on
ample data points to effectively capture trends and depen-
dencies  over  time,  but  when  tasks  are  less  frequent,  the
model  struggles  to  find  meaningful  patterns,  leading  to
reduced predictive accuracy. Additionally, the complexity
of BTGCN makes it prone to overfitting in environments
with limited data, whereas SVR, with its simpler regression
approach,  can  handle  sparse  data  more  robustly  and
generalize better in these scenarios.
Moreover, SVR does not explicitly rely on temporal or

spatial dependencies, allowing it to perform more consis-
tently  in  diverse  environments  with  varying  data  densi-
ties.  The computational  efficiency of  SVR also makes it
more  suitable  for  scenarios  with  limited  and  infrequent
data,  where  BTGCN’s  high  computational  requirements
and dependency on extensive data collection can become
a disadvantage. Hence, while BTGCN is highly effective
in  manufacturing  environments  with  high  task  frequen-
cies,  SVR  proves  to  be  a  more  adaptable  and  reliable
model in technology-intensive enterprises with lower task
execution  frequencies,  highlighting  the  need  for  careful
model  selection  based  on  the  specific  characteristics  of
the manufacturing process.
By incorporating data from different types of manufac-

turing enterprises, we find that while the BTGCN model

 

Fig. 8    Predicted  throughput  results  for  actual  dispatch  of
materials.                 

 

Fig. 9    Predicted throughput results for direct issue orders.
 

Fig. 10    Predicted throughput results for material sales orders.

 

Table 4    Experimental results of BTGCN model on the new data set

Metric HA ARIMA SVR GCN GRU BiLSTM BTGCN

MAE 48.2023 27.8615 32.8471 61.6747 33.5278 38.2815 43.0337

RMSE 64.0112 35.5261 48.3570 77.8279 49.8910 47.0917 54.7854

R2 0.4799 * 0.6724 0.1137 0.6450 0.6102 0.5618
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is  adaptable  to  varying  conditions,  its  efficacy  is  highly
dependent  on  the  nature  and  frequency  of  task  execu-
tions.  Future  research  could  explore  modifications  to
enhance  the  model’s  performance  in  environments  with
lower  task  frequencies,  ensuring  broader  applicability
across diverse manufacturing sectors.

 

5    Discussion

 5.1    Scalability and adaptability of the model

In  the  rapidly  evolving  manufacturing  environment,
changes  in  operational  processes  and  production  scales
demand  higher  adaptability  from  predictive  models.  To
ensure the applicability of the BTGCN model across vari-
ous  manufacturing  scenarios,  we  need  to  delve  deeper
into  its  scalability  and  adaptability.  This  exploration
requires a theoretical analysis of the model’s structure to
predict its performance under different conditions.
The  BTGCN model  integrates  GCN and  GRU,  where

GCN handles  spatial  features  by  parsing  the  topological
structure  of  the  task  network,  whereas  GRU  processes
temporal data to capture dynamic changes over time. This
design provides the BTGCN model with substantial flexi-
bility in managing complex manufacturing task networks.
To  adapt  to  different  manufacturing  processes,  the
BTGCN model  must  select  features  that  are  pertinent  to
the specific application scenario. For instance, in discrete
manufacturing,  task  dependencies  and  execution
sequences  are  crucial,  while  in  process  manufacturing,
resource  utilization  and  production  efficiency  might  be
the key operational features. Feature selection should thus
be tailored to the specific manufacturing process to maxi-
mize the model’s predictive accuracy.
The scalability of the BTGCN model is reflected in its

ability  to  handle  varying  data  scales.  As  the  data  scale
increases, model parameters (such as the number of GCN
layers and GRU units) need to be adjusted accordingly to
maintain  performance.  Computational  complexity  and
training time are also critical factors affecting the model’s
scalability.  For  large-scale  data  sets,  the  BTGCN model
may require significant computational resources, necessi-
tating  optimizations  in  model  architecture  or  the  use  of
distributed  computing  techniques  to  enhance  training
efficiency.

 5.2    Integration into existing manufacturing systems

The  BTGCN  model’s  ability  to  integrate  into  existing
manufacturing  systems  and  its  potentially  significant
contribution to strategic decision-making can significantly
enhance  manufacturing  efficiency.  Specifically,  the
model can be incorporated into a supply chain management
system  to  predict  potential  bottlenecks  and  optimize
logistics.  For  instance,  in  a  car  manufacturing  company,

the supply chain is complex, involving multiple suppliers
and  assembly  lines.  By  predicting  bottlenecks,  the
BTGCN  model  can  enable  proactive  adjustments  in  the
supply  chain  and  improve  logistical  efficiency,  thus
ensuring timely delivery of parts and materials. Neverthe-
less,  there  are  several  challenges  in  integrating  the
BTGCN model into existing systems,  which can include
data  collection and integration,  model  training,  real-time
processing,  interdepartmental  coordination,  and  cost-
benefit  analysis.  First  of  all,  while  it  can  be  difficult  to
incorporate  data  from  various  suppliers  and  internal
systems, this can be addressed by implementing a unified
data  platform  that  effectively  consolidates  data  from  all
sources,  ensuring  consistency  and  availability.  While
predicting  bottlenecks  in  real-time  requires  substantial
computational  power,  this  can  be  managed  through  the
use  of  cloud  computing  and  distributed  processing  to
handle large-scale, real-time data analytics.
As effective use of bottleneck predictions also requires

coordination among departments, developing a centralized
dashboard that provides actionable insights to all relevant
departments  can  enhance  communication  and  collabora-
tion.  For  example,  in  a  semiconductor  manufacturing
plant,  the  BTGCN  model  can  be  integrated  into  the
predictive maintenance framework to proactively forecast
machine failures and schedule maintenance. By identifying
when  and  where  failures  are  likely  to  occur,  the  model
enables  managers  to  address  issues  before  they  escalate,
thus  preventing  unplanned  downtime  and  maintaining
continuous  production.  This  integration  can  lead  to  a
more efficient use of resources, as maintenance activities
can  be  scheduled  during  planned  downtimes  rather  than
being limited to reacting to unexpected failures. The inte-
gration process can thus minimize downtime and improve
overall equipment effectiveness (OEE).
Moreover,  accurate  prediction  requires  extensive  data

from  various  sensors  and  machines,  which  can  be
addressed by implementing IoT devices for comprehensive
data collection and ensuring regular maintenance of these
devices  to  avoid  data  gaps.  Training  the  model  with
historical  data  to  recognize  failure  patterns  can  be  time-
consuming,  but  this  issue  can  be  mitigated  by  using
incremental  learning  techniques  to  continuously  update
the  model  with  new  data,  reducing  the  initial  training
time. Justifying the investment in predictive maintenance
tools can also be difficult but conducting a pilot project to
demonstrate  the  potential  return  on  investment
(ROI)—focusing on reduced downtime and maintenance
costs—can help illustrate the benefits.

 5.2.1    Advantages in strategic decision-making

The  strategic  use  of  the  BTGCN  model  can  extend
beyond immediate operational improvements. By provid-
ing accurate predictions and insights, the model can sup-
port long-term strategic decision-making. For example, it
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can help in strategic resource planning, determining opti-
mal  investment  in  machinery  and  workforce  based  on
predicted  production  trends.  Insights  delivered  by  the
model  can  also  guide  decisions  on  product  development
and  market  strategy  by  identifying  potential  production
constraints  and  enabling  proactive  measures  to  address
them.  Overall,  the  BTGCN  model’s  ability  to  provide
actionable  data  can  lead  to  more  informed  and  effective
strategic  decisions,  ultimately  enhancing  the  company’s
competitive advantage in the market.

 

6    Conclusions and future directions

 6.1    Conclusions

Extensive  research  on  task  bottlenecks  has  confirmed
how  these  constraints  significantly  impact  output  and
process  timing,  making  the  identification  and  prediction
of  these  bottlenecks  a  crucial  task  in  enterprise  manage-
ment  (Li  et  al.,  2009).  In  business  environments  where
bottleneck  locations  are  relatively  fixed,  accurately
detecting  bottleneck  positions  is  particularly  critical.  In
dynamic  environments  where  bottleneck  positions
frequently  change,  the  ability  to  effectively  predict  the
emergence  and  variation  of  bottlenecks  becomes  even
more important, as it can help managers take measures in
advance that can reduce the negative impact of bottlenecks
on system efficiency. Against these dynamically changing
backdrops,  bottleneck prediction necessitates  the consid-
eration of both temporal and spatial features. Addressing
this issue, this study focuses on task bottleneck prediction
in  digital  manufacturing  enterprises  using  the  novel
BTGCN model, which is capable of effectively extracting
the spatio-temporal features between tasks. This proposed
model employs a spatial GCN neural network to capture
the  spatial  relationships  between  tasks  and  integrates
these spatial features with the temporal characteristics of
corresponding  time  periods.  This  approach—  distinct
from the stacking mechanisms adopted in traditional liter-
ature—more  effectively  merges  spatial  and  temporal
data.  Experimental results demonstrate that the proposed
BTGCN  model  surpasses  other  baseline  models  in
predictive performance.

 6.2    Limitations

This  study  presents  several  limitations  related  to  the
BTGCN  model  and  the  data  set  we  use  to  evaluate  its
properties.  Model  limitations  include:  (1)  challenges  in
real-time  data  processing,  because  BTGCN  requires
substantial  computational  resources  and time,  which  can
lead  to  processing  delays  and  thus  affect  the  timely
prediction of bottlenecks; (2) The BTGCN model is more
suited for discrete manufacturing enterprises. It struggles

to  achieve  effective  predictions  for  technology-intensive
enterprises  with  lower  task  execution  frequencies;
(3) The accuracy of the model is highly dependent on the
quality  of  input  data.  Incomplete  or  inaccurate  data  can
significantly  degrade  its  performance,  highlighting  the
importance  of  robust  data  collection  and  pre-processing
methods; and (4) As the attributes of different tasks may
affect  throughput,  the impact  of  task attribute features is
overlooked  in  the  model.  Future  research  can  explore
incorporating  these  features  into  the  model  to  improve
prediction  accuracy.  Data  set  limitations  include:
(1) Focus on the ship-building industry, which may limit
the  applicability  of  the  research  findings  to  other  manu-
facturing industries. Expanding the scope of the study to
cover  more  industries  will  help  enhance  the  model’s
generalizability;  and  (2)  The  integration  of  spatial  and
temporal data may introduce biases, especially if the data
distribution  is  uneven  or  there  are  inherent  patterns  that
the model cannot adequately capture. This can affect the
model’s applicability in different scenarios. In summary,
these  limitations  indicate  that  future  research  needs  to
improve both the model  and the data aspects  to enhance
the  applicability  and prediction  accuracy  of  the  BTGCN
model in various manufacturing environments.

 6.3    Future research directions

To  provide  valuable  guidance  for  future  research,  this
study  suggests  specific  methodological  improvements
and  new application  directions.  First,  exploring  machine
learning  algorithms  for  dynamic  adaptation  of  task
networks can significantly enhance the model’s flexibility
and responsiveness to ever-changing manufacturing envi-
ronments. For example, integrating reinforcement learning
techniques can enable the BTGCN model to dynamically
adjust  its  parameters  based  on  real-time  feedback  from
the  manufacturing  environment,  thereby  improving
prediction accuracy. Additionally, investigating the appli-
cation of the BTGCN model in other digital manufacturing
domains—such  as  predictive  maintenance  and  supply
chain  optimization—can  broaden  its  practical  applica-
tions. Employing the BTGCN model to predict equipment
failures  and  optimize  maintenance  schedules  can  thus
help  reduce  downtime  and  increase  overall  equipment
efficiency.  Similarly,  leveraging  this  model  to  enhance
supply  chain  logistics  by  predicting  and  mitigating
potential disruptions can lead to more resilient and efficient
manufacturing operations.
Moreover,  improving  the  model’s  scalability  and

computational  efficiency  is  also  a  promising  area  for
future research. Techniques such as model pruning, quan-
tization,  and  distributed  computing  can  be  explored  to
reduce  the  computational  burden,  making  the  BTGCN
model  more  suitable  for  real-time  applications  in  large-
scale  manufacturing  environments.  Finally,  conducting
comprehensive  case  studies  and  practical  experiments
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across  various  manufacturing  industries  is  essential  for
validating  the  model’s  effectiveness  and  identifying  any
necessary  industry-specific  adjustments.  Collaboration
with  industry  partners  could  facilitate  the  collection  of
diverse  data  sets  and  provide  practical  insights  into  the
model’s  implementation  and  performance  in  different
contexts. At the same time, with the rapid development of
Industry 4.0 and Industry 5.0, the deep integration of lean
production  principles  and  smart  manufacturing  has
further  enhanced  system  efficiency  and  resource  opti-
mization (Hasan and Trianni, 2023), offering more possi-
bilities  for  the  application  of  the  BTGCN  model  in
complex  manufacturing  environments.  Future  research
should  therefore  focus  on  methodological  advancements
and  new  applications  of  the  BTGCN  model,  aiming  to
enhance  its  adaptability,  scalability,  and  practical  utility
in the rapidly evolving field of digital manufacturing.
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