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Machine learning (ML) has been increasingly adopted for predicting tunnel
boring machine  (TBM)  construction  parameters  such as  thrust  force,  pene-
tration  rate,  and  cutterhead  torque.1 With  the  rapid  accumulation  of  high-
frequency  monitoring  data  from  modern  TBM  projects,  data-driven  models
have  demonstrated  considerable  potential  in  capturing  complex  nonlinear
relationships  between  geological  conditions,  operational  variables,  and
machine  responses.2 A  wide  range  of  ML  techniques,  including  tree-based
ensembles,  support  vector  machines,  and  deep  neural  networks,  have  been
reported to achieve encouraging prediction accuracy in individual case studies.

At the same time, the rapidly growing body of literature reveals substantial
variability  in  reported  prediction  performance  and  modeling  practices.3

Models  that  perform  well  in  one  project  are  often  difficult  to  reproduce  or
generalize in  others,  even  when  similar  algorithms  are  employed.  Compar-
isons  across  studies  are  further  complicated  by  differences  in  geological
conditions,  data  characteristics,  feature  selection  strategies,  and  evaluation
protocols.  These  observations  suggest  that  the  challenges  faced  by  ML-
based  TBM  parameter  prediction  extend  beyond  algorithm  selection  alone.
They  are  closely  related  to  how  prediction  tasks  are  formulated,  evaluated,

and interpreted in an engineering context.
This commentary reflects on recent ML-based TBM studies by examining

recurring methodological issues that may limit the interpretability,  compara-
bility, and engineering relevance of reported prediction results. By highlighting
these  issues,  this  commentary  aims  to  contribute  to  a  more  informed  and

cautious  use  of  ML  techniques  in  mechanized  tunneling  applications.  To
clarify  these  issues, Figure  1 provides  an  overview  of  the  data  sources,
modeling workflow,  and  key  methodological  challenges  commonly  encoun-
tered in machine-learning-based TBM parameter prediction,  highlighting the
importance of context-aware interpretation.

 

Figure 1.  Conceptual framework for machine-learning-based TBM parameter prediction.
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 TBM  PARAMETERS  AS  CONTEXT-DEPENDENT ENGINEERING  QUANTI-
TIES

In many ML applications,  TBM parameters  are  treated as  generic  regres-
sion  targets.  However,  from  an  engineering  perspective,  quantities  such  as
thrust force or penetration rate are inherently context-dependent. They reflect
the  combined  influence  of  geological  conditions,  operational  decisions,  and
machine state,  rather  than representing intrinsic  or  standalone properties of
the  TBM  system.  For  instance,  in  many  single-project  studies  where  thrust
force is  predicted  using  continuous  monitoring  data,  the  learned  relation-
ships  often  reflect  a  combination  of  geological  conditions  and  operator-
dependent control strategies, rather than a unique response to ground prop-
erties.  As  a  result,  statistically  accurate  predictions  may  still  offer  limited
engineering insight if contextual factors are not explicitly considered.

Several  recent  studies  implicitly  acknowledge  this  conditional  nature  by
incorporating geological and operational information as model inputs. Never-
theless, many studies differ markedly in how explicitly prediction targets and
their  applicable  conditions  are  defined.  In  particular,  the  intended  scope  of
model applicability  is  often  only  implicitly  described,  complicating  the  engi-
neering  interpretation  of  reported  prediction  accuracy.  These  observations
highlight  the  importance  of  clearly  framing  TBM  parameter  prediction  as  a
conditional  engineering  problem.  Without  explicit  consideration  of  context,
prediction  results  risk  being  interpreted  as  universally  applicable,  despite
being derived from highly site-specific data.

 OVER-OPTIMISTIC PERFORMANCE RISK AND EVALUATION PRACTICES
A  commonly  observed  practice  in  ML-based  TBM  studies  is  the  use  of

random  train–test  splitting  for  model  evaluation.  While  this  approach  is
straightforward  and widely  used in  generic  ML applications,  it  may produce
overly  optimistic  performance  estimates  when  applied  to  tunneling  data,
which are often strongly correlated in space and time.

Operational data collected along a tunnel alignment typically exhibit gradual
transitions  within  geological  units  and  abrupt  changes  at  stratigraphic
boundaries.  This situation is particularly common in studies where datasets
are constructed  from  long,  continuous  tunnel  drives  and  randomly  parti-
tioned without  regard to geological  boundaries or  segment transitions.  As a
result,  reported prediction accuracy may primarily reflect interpolation within
a  limited  range  of  conditions  rather  than  robust  performance  under  new  or
changing geological scenarios.

Several recent studies have explored alternative validation strategies, such
as segment-based splitting along the tunnel axis or geology-aware partition-
ing,  in  which  entire  geological  sections  are  excluded  from  the  training
process.4 In  practice,  this  involves  defining  training  and  testing  datasets  at
the level of geological units or stratigraphic segments, thereby approximating
deployment scenarios under previously unseen ground conditions. Such find-
ings suggest that evaluation design plays a critical role in interpreting model
accuracy  and  should  be  reported  transparently  alongside  performance
metrics.

From an  engineering  standpoint,  these  observations  indicate  that  valida-
tion strategy can exert a greater influence on reported results than the choice
of ML algorithm itself. Consequently, algorithm benchmarking without careful
consideration of  evaluation  methodology  may  produce  misleading  conclu-
sions regarding model superiority.

 EVIDENCE SYNTHESIS DIFFICULTIES IN ML-BASED TBM STUDIES
With the rapid growth of machine-learning applications in TBM parameter

prediction,  researchers  have  increasingly  attempted  to  synthesize  findings
across published studies to obtain transferable insights. In practice, however,
directly  aggregating  performance  metrics  such  as  root-mean-square  error
(RMSE) or R2 across studies often provides limited interpretive value.5

This limitation stems from the pronounced heterogeneity of existing work.
Prediction  targets  differ,  input  features  are  defined  and  preprocessed  in
project-specific ways,  and evaluation strategies are closely tied to individual
datasets.  Under  such  conditions,  conventional  meta-analysis  techniques,
typically developed for controlled experimental  settings,  are difficult  to apply
without introducing strong assumptions.

Rather  than  pursuing  absolute  performance  rankings,  several  recent
reviews  have  implicitly  adopted  a  stratified  perspective  by  grouping  studies
according to prediction objectives,  data availability,  or  geological  and opera-

tional  complexity.  Within  these  groups,  emphasis  is  placed  on  performance
variability  and  recurring  methodological  patterns,  instead  of  identifying  a
universally optimal algorithm.

 ENGINEERING APPLICATION IMPLICATIONS
In engineering practice, robustness, interpretability, and consistency across

conditions  are  often  more  important  than  optimal  performance  on  a  single
dataset. Accordingly, ML models that exhibit stable and interpretable behavior
may  be  preferred  even  if  their  aggregate  prediction  accuracy  is  marginally
lower.  Recent  studies  have  therefore  increasingly  employed  interpretability
tools,  such  as  feature  importance  analysis  and  SHAP  values,  to  assess
whether  learned  relationships  are  physically  plausible  and  engineering-rele-
vant.

Looking  ahead,  while  large-scale  foundation  models,  large  language
models,  and  agent-based frameworks  have  shown  promise  in  other  engi-
neering  domains,  their  application  to  TBM  parameter  prediction  remains
limited and is currently oriented toward decision support and knowledge inte-
gration rather than direct parameter prediction.

 CONCLUSION
The observations presented here do not diminish the potential of machine

learning  in  mechanized  tunneling,  but  rather  emphasize  the  importance  of
aligning  data-driven  modeling  practices  with  engineering  realities.  Based on
the  above  discussion,  several  methodological  considerations  may  help
improve the  practical  relevance of  future  ML-based TBM parameter  predic-
tion studies.  Prediction tasks should  be explicitly  defined together  with  their
applicable  geological  and  operational  contexts.  Validation  strategies  should
reflect  realistic  deployment  scenarios,  for  example  through  segment-based
or  geology-aware  data  partitioning.  Model  evaluation  should  emphasize
robustness, stability, and interpretability across varying conditions rather than
relying solely on aggregated accuracy metrics.
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