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Abstract
The  vast  diversity  of  organic  pollutants  in  the  environment,  coupled  with  the  scarcity  of

authentic  standards  and  reference  spectra,  poses  major  challenges  to  the  reliable

identification and quantification of these compounds. Machine learning (ML), a powerful tool

for  data  processing,  has  garnered  growing  attention  for  its  value  in  non-targeted  analysis.

This review summarizes recent advances in the application of ML to pollutant identification

and quantification.  In  qualitative analysis,  ML accelerates key steps in structure elucidation,

including predicting MS/MS spectra to expand in silico libraries, inferring molecular formulas

and substructures from spectral data, generating novel candidate structures beyond existing

databases,  and  predicting  retention  time  and  collision  cross  section  values  to  enhance

identification confidence. In quantitative analysis, ML facilitates standard-free methodologies

through optimized surrogate compound selection and prediction of ionization efficiency and

response  factors.  Despite  these  achievements,  salient  challenges  remain,  including  model

generalizability  across  instrumental  platforms,  improved  interpretability,  and  the

establishment  of  unified  frameworks  for  uncertainty  quantification  and  reproducibility.

Future advances toward more accurate, integrated, automated, and transferable ML systems

are expected to enable scalable and intelligent analysis of environmental pollutants.
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Highlights
•  Reviews  recent  advances  of  machine  learning  (ML)  methods  in  qualitative  and  quantitative  non-targeted  analysis  of

environmental pollutants.

•  Summarizes  ML-assisted  strategies  for  structure  elucidation,  including  spectra  prediction,  feature  inference,  and  de  novo

molecular generation.

•  Highlights ML-enabled semi-quantification via ionization efficiency and response factor prediction.

•  Discusses  key  challenges  and  future  directions  toward  transferable,  interpretable,  and  automated  ML-driven  screening

frameworks.
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Graphical abstract

 
 Introduction

Organic pollutants in the environment exhibit remarkable diversity and
pose  substantial  threats  to  ecosystems  and  human  health[1,2].  The
continual  expansion  of  industrial  and  agricultural  activities  has  led  to
the persistent release of numerous emerging organic pollutants, such
as  pharmaceuticals  and  personal  care  products,  pesticides,  industrial
additives, and their transformation products, into the environment[3−5].
Accurate  identification  and  quantification  of  these  pollutants  are
critical  prerequisites  for  reliable  exposure  assessment  and  ecological
risk  evaluation[6−8].  However,  most  organic  pollutants  lack
commercially  available  reference  standards,  making  their  structural
elucidation  and  concentration  determination  central  challenges  in
environmental analytical chemistry[7,8].

In  targeted  analysis,  reference  standards  are  employed  to  estab-
lish  the  retention  times  (RT)  and  characteristic  fragment  ions  of
target  pollutants,  allowing  their  specific  identification  in  environ-
mental  samples[9,10].  Nevertheless,  the  analytical  throughput  of
targeted  analysis  is  inherently  constrained  and  cannot  capture
compounds outside the scope of available reference standards[11]. In
contrast, non-targeted analysis (NTA) based on liquid chromatogra-
phy  coupled  with  high-resolution  mass  spectrometry  (LC-HRMS)
enables  comprehensive  detection  of  ionizable  compounds  within
environmental  samples[12,13].  By  acquiring  RT,  exact  mass,  isotopic
patterns, fragmentation spectra, and—when ion mobility spectrom-
etry  is  employed—collision  cross  section  (CCS)  values,  and  subse-
quently matching these features to spectral libraries, NTA allows the
structural  annotation  of  compounds  without  reference
standards[14−16].  This  approach  has  considerably  broadened  the
analytical scope of environmental analysis and facilitated the discov-
ery  of  a  wide  range  of  pollutants,  including  endocrine-disrupting
chemicals and other emerging pollutants[17,18].

Despite  its  extensive  data  acquisition  capability,  NTA  faces  a
substantial  data  interpretation  bottleneck.  A  single  analytical  run
can yield tens of thousands of spectral features, yet only a small frac-
tion  can  be  confidently  annotated  using  existing  libraries[13,19].  The
vast majority of detected signals remain unidentified. This limitation
primarily  arises  from  the  fact  that  experimental  spectral  libraries
cover  only  a  minute  fraction  of  the  relevant  chemical  space[20].
Current estimates suggest that less than 3% of environmentally rele-
vant compounds can be identified through conventional NTA work-
flows[13].  Furthermore,  even  for  tentatively  annotated  compounds,

the  absence  of  reference  standards  hampers  accurate  quantifica-
tion, representing another key obstacle to exposure and risk assess-
ment[21].

Machine learning (ML) offers a transformative pathway to address
these analytical challenges[22,23].  As a data-driven approach capable
of  extracting  complex,  nonlinear  relationships  from  high-dimen-
sional  data,  ML  enables  the  transition  from  expert-dependent
manual  interpretation  toward  automated  and  high-throughput
analysis[24,25].  Within  the  NTA  workflow,  ML  has  been  increasingly
applied  in  multiple  analytical  stages,  from  qualitative  to  quantita-
tive  analysis  (Fig.  1).  In  qualitative  applications,  ML  models  trained
on  structure-property  relationships  can  predict  tandem  mass
(MS/MS)  spectra,  RT,  CCS,  and  other  properties  to  enrich  existing
libraries[22,26].  Alternatively,  inverse  modeling  strategies  allow  the
inference  or  generation  of  the  most  probable  molecular  structures
directly  from  experimental  spectra,  thereby  reducing  dependence
on  limited  experimental  libraries[14,22,27,28].  In  quantitative  contexts,
ML-based  quantitative  structure-property  relationship  (QSPR)
models have been developed to estimate ionization efficiencies (IE)
or  mass  spectrometric  response  factors  (RF),  facilitating  large-scale
standard-free quantification of organic pollutants[29−31].

Recent advances in ML have increasingly influenced both qualita-
tive  and  quantitative  NTA  by  addressing  key  analytical  bottlenecks
in  LC-HRMS-based  workflows  (Fig.  1).  Building  on  these  develop-
ments,  this  review  provides  a  comprehensive  and  integrative
overview  of  ML-assisted  NTA  for  environmental  organic  pollutants.
Recent methodological advances across key stages of the NTA work-
flow  are  systematically  summarized,  with  particular  emphasis  on
their  practical  limitations.  In  addition,  emerging  trends  and  future
research  directions  are  highlighted  to  guide  the  development  and
application of ML-assisted NTA.

 Machine learning-assisted identification
in non-targeted analysis

ML  has  emerged  as  a  powerful  tool  for  the  qualitative  analysis  of
organic pollutants, and its applications can be broadly categorized into
four  main  domains.  The  first  domain  involves  training  ML  models  to
predict  MS/MS  spectra  from  molecular  structures  in  reference
databases, thereby providing auxiliary spectral information to support
compound  annotation[22,32].  The  second  domain  focuses  on  inferring
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structural attributes directly from mass spectral data, such as molecular
formulas, substructures, and molecular fingerprints, which can then be
matched  against  chemical  structure  libraries  for  identification[33−35].
The  third  domain  comprises  the  prediction  of  chromatographic  and
ion-mobility-related  properties,  including  RT  and  CCS[36],  from
molecular  structures,  providing  orthogonal  information  to  prioritize
candidate  structures  and  improve  confidence  in  qualitative
identification.  These  three  domains  are  primarily  applied  to
compounds  whose  structures  are  already  represented  in  existing
databases.  The  fourth  domain  extends  beyond  database-dependent
identification by employing ML models to directly generate candidate
structures from spectral inputs or to expand chemical space based on
known pollutants,  thereby facilitating the discovery of  truly unknown
pollutants outside current databases[37,38].

 MS/MS spectra prediction
Conventional  spectra  matching  is  constrained  by  the  incomplete
coverage  of  experimentally  acquired  spectra.  MS/MS  prediction  aims
to  computationally  generate  MS/MS  spectra  directly  from  known
molecular  structures.  This  capability  is  essential  in  LC-HRMS-based
NTA,  serving  as  a  bridge  between  chemical  structure  and  spectra  to
enable  structure  elucidation  and  in  silico  spectral-library  expansion
(Fig. 2)[24,39].

Traditional  in  silico  approaches  rely  on  expert-defined  bond-
cleavage  rules  coupled  with  heuristic  scoring  strategies[28].  These
methods enumerate plausible fragmentation trees and assign inten-
sities  based  on  chemistry-driven  heuristics  supported  by  statistical

learning.  Representative  tools  include  MetFrag,  MAGMa,  and  CFM-
ID[28,40,41].  Although  rule-based  models  provide  mechanistic  inter-
pretability,  they  require  substantial  expert  curation,  entail  high
computational  cost,  and tend to over-predict  candidate fragments,
ultimately compromising accuracy.

To  overcome  the  trade-off  between  mechanistic  interpretability
and  computational  efficiency  inherent  in  purely  rule-based  frag-
mentation  models,  hybrid  strategies  that  integrate  expert-defined
fragmentation  knowledge  with  machine  learning  have  emerged.
These  approaches  aim  to  reduce  exhaustive  enumeration  of  frag-
mentation  pathways  while  retaining  chemically  meaningful  frag-
mentation constraints.

CFM-ID 4.0 exemplifies this paradigm by combining curated frag-
mentation rules  with probabilistic  modeling of  molecular  topologi-
cal  features,  resulting  in  substantially  improved  spectral  prediction
performance  compared  with  earlier  versions[22,42].  Nevertheless,  its
reliance  on  explicit  enumeration  of  candidate  fragmentation  trees
remains computationally demanding, particularly for large or struc-
turally complex molecules[43].

To  further  alleviate  this  bottleneck,  subsequent  methods  have
progressively  shifted  fragmentation  modeling  from  explicit  rule
enumeration  toward  learned  fragment  representations.  ICEBERG
adopts  a  two-stage  neural-network  architecture  that  separately
predicts  fragment  ions  and  their  intensities,  thereby  reducing  the
need for exhaustive pathway enumeration and improving computa-
tional  efficiency[44].  Extending  this  idea,  FIORA  leverages  graph
neural  networks  (GNNs)  to  directly  learn  local  fragmentation

 

Fig. 1  Workflow of non-targeted analysis based on machine learning. (Variables prefixed with C_ denote calculated values, whereas those prefixed with
P_ represent predicted values)
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patterns  and associated intensities  from molecular  neighborhoods,
achieving  superior  performance  relative  to  both  CFM-ID  and
ICEBERG while simultaneously enabling joint prediction of orthogo-
nal properties such as RT and CCS[45].

Beyond  two-stage  designs,  recent  end-to-end  models  dispense
with explicit fragmentation modeling altogether and instead learn a
direct  mapping  from  molecular  structure  to  MS/MS  spectra.
3DMolMS predicts spectra directly from three-dimensional molecu-
lar  conformations,  capturing  stereochemical  and  spatial  effects  on
fragmentation[46].  Massformer  further  advances  this  paradigm  by
employing  a  graph-transformer  architecture  that  integrates  colli-
sion energy, ionization mode, and instrument parameters, enabling
accurate spectrum prediction at 1 Da resolution across large bench-
mark datasets[47].  Complementary  GNN-based frameworks  incorpo-
rate  chemically  informed  inductive  biases,  such  as  recurrent  struc-
tural  motifs[48] or  quantum-chemical  bond  dissociation  energies  as
edge  features[49],  allowing  fine-grained  fragmentation  patterns  to
be  captured  and  enabling  high-resolution  (0.01  Da)  MS/MS  predic-
tion.

 Structure feature prediction from MS/MS spectra
ML  models  for  inferring  molecular  information  from  MS/MS  spectra
have  emerged  as  powerful  tools  for  structural  annotation  (Fig.  3).
Accurate  molecular  formula  determination  is  a  critical  step  toward
elucidating  the  structures  of  unknown  pollutants.  Among  the  most
widely  applied  tools,  SIRIUS  generates  candidate  formulas  from
precursor m/z via  exhaustive  enumeration[27].  For  each  candidate,  it
constructs fragmentation trees to explain observed fragment ions, and
subsequently  evaluates  tree  plausibility  using  a  Bayesian  scoring
framework.  While  effective,  such  approaches  can  be  computationally
intensive, particularly for large-scale screening tasks.

To reduce computational complexity and improve generalization
beyond  previously  observed  molecular  formulas,  recent  ML  appro-
aches  have  shifted  from  explicit  fragmentation-tree  construction
toward  end-to-end  spectral  representations.  MIST-CF  exemplifies

this  transition  by  directly  mapping  MS/MS  spectra  to  candidate
molecular  formula  scores[50].  Rather  than  enumerating  fragmenta-
tion trees, the model annotates fragment ions with plausible subfor-
mulas  and  extracts  chemically  meaningful  relationships  such  as
neutral  losses  (Fig.  3).  These  local  spectral  features,  together  with
precursor  information,  are  encoded  using  a  Transformer  architec-
ture,  and  an  energy-based  model  subsequently  ranks  candidate
formulas.  By  bypassing explicit  tree  construction,  MIST-CF substan-
tially  reduces  computational  burden  while  enhancing  its  ability  to
recognize previously unseen molecular formulas.

Despite  these  advances,  molecular  formula  prediction  intrinsi-
cally  limits  candidate  retrieval  to  sets  of  isomeric  structures  and
therefore  cannot  achieve  unambiguous  compound  identification.
To  further  increase  structural  specificity,  subsequent  ML  methods
have progressively moved toward predicting higher-level structural
descriptors  directly  from  MS/MS  fragmentation  patterns.  In  this
context,  molecular  fingerprint  prediction  has  emerged  as  a  key
intermediate  representation  that  bridges  spectral  information  and
full molecular structures (Fig. 3).

CSI:FingerID[51] represents  an  early  and  influential  implementa-
tion of  this  paradigm. It  combines fragmentation-tree analysis  with
support  vector  machine  (SVM)  classifiers  to  predict  substructure-
associated  molecular  fingerprints  using  kernel-based  embeddings.
The  predicted  fingerprints  are  then  matched  against  reference
structure  databases,  enabling  systematic  linkage  between  MS/MS
spectra  and known compounds.  Building on this  framework,  Wang
et al. developed per- and polyfluoroalkyl substances (PFAS)-specific
SVM models that predict 254-bit molecular fingerprints directly from
MS/MS  spectra,  tailoring  the  representation  to  a  chemically
constrained  class  and  thereby  enabling  high-throughput  annota-
tion of PFAS in NTA workflows[35].

With advances in ML, end-to-end Transformer architectures have
further improved fingerprint prediction. MIST treats spectra as peak
sequences or matrices and leverages self-attention to capture global

 

Fig. 2  Compound annotation based on MS/MS spectra predicted from molecular structures.

https://doi.org/10.66178/aie-0026-0003

page 14 of 22 Liu et al.  |  Volume 1  |  Issue 1  |  2026  | 

https://doi.org/10.66178/aie-0026-0003
https://doi.org/10.66178/aie-0026-0003
https://doi.org/10.66178/aie-0026-0003
https://doi.org/10.66178/aie-0026-0003
https://doi.org/10.66178/aie-0026-0003


dependencies among fragment ions, enabling direct mapping from
spectra  to  molecular  fingerprints  or  substructure  vectors  without
individual  feature  engineering[52].  Extending  this  paradigm,
IDSL_MINT introduces a flexible Transformer-based framework that
tokenizes  peaks  and  precursor m/z values  and  applies  intensity-
weighted  positional  encoding.  This  end-to-end  model  supports
user-defined  spectral  libraries  and  fingerprint  types,  allowing  rapid
adaptation to specific chemical domains (such as lipidomics or envi-
ronmental  contaminants),  thus  providing  a  scalable  strategy  for
high-confidence annotation across specific chemical classes[53].

 Structure identification based on de novo
molecular generation
ML-based  methods  can  either  predict  MS/MS  spectra  from  known
structures  or  infer  structural  information  from  MS/MS  spectra.
However,  both  approaches  ultimately  rely  on  matching experimental
spectra  with  compounds  recorded  in  structural  databases.  For
pollutants  not  covered  by  these  databases,  particularly  emerging
pollutants  such  as  transformation  products  or  byproducts,  these
approaches  often  fail  to  provide  effective  structural  annotations[24,54].
The  need  to  overcome  the  limitations  of  databases  and  to  cover  a
broader chemical space of pollutants is increasingly pressing.

Molecular  generation,  as  a  subfield  of  ML  offers  a  promising
avenue  for  this  challenge,  enabling  the  generation  of  novel
molecules  by  sampling  from  latent  space  or  reconstructing
molecules from latent vectors, thereby facilitating the exploration of
the  chemical  space  of  unknown  pollutants[55−57].  Representative
generative  architectures  include  variational  autoencoders,  genera-
tive adversarial networks, autoregressive models, normalizing flows,
and  diffusion  models,  each  offering  unique  mechanisms  for
sampling chemical space[57,58].

Molecular generative frameworks have gained increasing traction
in  the  structure  elucidation  of  unknown  compounds.  These
approaches  can  be  classified  into  two  conceptual  paradigms.  The
first  seeks to reconstruct  molecular  structures  from MS/MS spectra,
thereby enabling de novo structure generation. The second focuses
on  expanding  the  accessible  chemical  space  by  generating  novel
theoretical compounds, thus breaking through the coverage limita-
tions of existing structure databases and facilitating the annotation
of unknown pollutants (Fig. 4).

As generative models rely on extensive and high-quality training
data, the limited availability of high-resolution MS/MS spectra-struc-
ture  paired  datasets  presents  a  significant  barrier  to  direct  model
development[37,38].  To  address  this  constraint,  current  research  has
predominantly  explored  two  complementary  strategies:  one
employs  data-augmented  end-to-end  frameworks  that  directly
generate  molecular  structures  from  MS/MS  data[22,59,60],  while  the
other  adopts  an  indirect  latent-space  paradigm,  where  spectra  are
first  mapped  to  latent  representations  and  subsequently  decoded
into  molecular  structures,  thereby  reducing  reliance  on  extensive
paired datasets[37,61,62].

Among these strategies,  direct  methods leverage MS/MS predic-
tion  tools  to  generate  computational  MS/MS  spectra  for  known
compounds,  thereby  augmenting  MS-structure  pairs  and  enabling
end-to-end training. In these models,  MS information is mapped to
an  implicit  latent  space  and  subsequently  decoded  directly  into
Simplified  Molecular  Input  Line  Entry  System  (SMILES)  sequences.
Representative  examples  include  MassGenie[59] and  MS2Mol[60].
MassGenie  employs  the  in-house  FragGenie  tool  to  computation-
ally  fragment  millions  of  known  compounds,  producing  approxi-
mately 21 million MS-structure pairs, which are then used to train a
model  that  translates  peak  lists  directly  into  SMILES[59].  On  the
CASMI  2017  challenge  dataset,  MassGenie  achieved  a  top-1  accu-
racy  of  53%,  demonstrating  the  feasibility  of  end-to-end
generation[59].  MS2Mol,  on  the  other  hand,  uses  CFM-ID  4.0  to
predict  spectra  for  natural  products  to  augment  training  data  and
employs  a  BART-based  Transformer  architecture  for  end-to-end
learning[22,60,63].  Evaluated on the EnvedaDark dataset for  unknown
compound  identification,  MS2Mol  successfully  generated  similar
structures  for  62%  of  unknown  natural  products,  outperforming
traditional database search approaches[60].

In  contrast  to  end-to-end  training,  indirect  methods  avoid  the
need  to  simultaneously  optimize  spectral  feature  extraction  and
structure reconstruction. These methods learn spectral embeddings
and structural generation separately. This decoupled strategy lowers
the  difficulty  of  model  training  and  reduces  MS/MS  spectra-struc-
ture  data  requirements.  Notable  examples  include  MSNovelist[37],
Mass2SMILES[61], and Spec2Mol[62]. MSNovelist integrates SIRIUS and
CSI:FingerID  to  predict  molecular  formulas  and  high-dimensional
fingerprints from MS/MS spectra, encodes the fingerprints together
with the formula into latent vectors, and autoregressively generates

 

Fig. 3  Compound annotation based on structural features predicted from MS/MS spectra.
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SMILES  using  a  pretrained  recurrent  neural  network  decoder[27,51].
On the Global Natural Products Social Molecular Networking (GNPS)
dataset[64],  it  successfully  recovered  the  true  structure  for  approxi-
mately  45%  of  molecules  among  128  candidates,  with  a  top-1  hit
rate  of  61%.  Mass2SMILES further  maps MS/MS spectra  to  continu-
ous molecular descriptors (CDDD embeddings), reframing structure
generation  as  a  combined  regression  problem[61,65].  Subsequently,
the  CDDD  embeddings  can  be  decoded  to  SMILES  using  the
pretrained  CDDD  decoder[65].  Spec2Mol  adopts  a  different  latent-
space strategy, using a convolutional neural network (CNN) encoder
to  map  spectra  into  vectors  constrained  within  a  latent  space
pretrained  on  molecular  structures  using  a  gated  recurrent  unit
(GRU)  autoencoder,  from  which  molecular  structures  are  recon-
structed via the GRU decoder[62].

In addition to structure inference, molecular generation provides
a promising means to explore unknown chemical space and gener-
ate  potential  structures  of  pollutants  to  expand  chemical  space
coverage[55,56]. A notable example is DarkNPS, developed to acceler-
ate  the  identification  of  novel  psychoactive  substances  (NPS)[38].
Trained  on  approximately  1,700  known  NPS,  DarkNPS  generates
large  ensembles  of  NPS-like  candidate  structures  conditioned  on
exact mass. The frequency with which a given structure is sampled is
interpreted as a structural  prior,  reflecting its plausibility within the
learned  NPS  chemical  space.  By  combining  exact  mass  constraints
with this sampling-based structural prior, DarkNPS prioritizes candi-
date  structures  and  enables  structure  annotation  without  reliance
on  reference  databases.  Using  exact  mass  alone,  correct  structures
were ranked first  in approximately 35% of cases,  increasing to 51%
when MS/MS information was further incorporated[38].

Extending  this  concept  beyond  NPS,  generative  models  have
been  trained  on  broader  chemical  spaces,  including  natural  prod-
ucts,  industrial  chemicals,  and  environmental  pollutants[66].  When
conditioned on exact mass, these models generate extensive sets of
candidate structures and rank them by sampling frequency[38,66].  In

evaluations  on  unknown  environmental  pollutants,  the  true  struc-
ture was ranked first in 12.6% of cases and appeared within the top
ten  candidates  in  33.1%  of  cases.  Importantly,  even  when  the  true
structure was not generated, top-ranked candidates often displayed
strong  structural  similarity  to  the  true  molecule,  thereby  providing
testable  hypotheses  for  subsequent  targeted  validation  experi-
ments[66].

 Retention time prediction
As  an  orthogonal  parameter  to  mass  spectral  information,  RT
substantially reduces false positives in NTA and plays a pivotal  role in
structure  confirmation  and  candidate  prioritization  in  LC-HRMS
workflows[6,24,67].  The  integration  of  RT  with  MS/MS  information  for
joint scoring has therefore become a key trend[68].

Despite its utility, RT prediction has long been challenged by data
scarcity  and  limited  cross-system  transferability  due  to  heteroge-
neous  chromatographic  conditions.  Emerging  machine-learning
approaches  offer  improved  scalability  and  demonstrate  a  certain
degree of  transferability across chromatographic systems,  position-
ing  them  as  a  promising  solution  for  future  RT-assisted  identifica-
tion  frameworks.  Several  representative  approaches  have  been
proposed recently to realize these advantages.

Domingo-Almenara  et  al.[69] established  the  METLIN-SMRT
dataset,  comprising 80,038 small  molecules,  which provides a stan-
dardized  foundation  for  ML-based  RT  prediction.  Building  on  this
resource,  Ju  et  al.[70] proposed DNNpwa-TL,  a  deep neural  network
pretrained  with  weighted  autoencoders  on  the  METLIN-SMRT  set
and  subsequently  fine-tuned  to  new  chromatographic  systems,
achieving a median relative error of 3.1% and a mean relative error
of 4.9%, outperforming other ML baselines across 17 target datasets.
Similarly,  Kwon  et  al.[71] introduced  an  improved  transfer-learning
strategy,  adapting  a  GNN  pretrained  on  METLIN-SMRT  to  target
chromatographic  systems,  enabling  accurate  RT  prediction  even
with  limited  labeled  data.  Fan  et  al.[72] developed  the  MTSCAM

 

Fig. 4  Compound annotation based on generative models for structure generation or chemical space expansion.
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model,  which  incorporates  a  functional  group-based  classification
system  and  trains  specialized  sub-models  for  141  compound
subclasses.  Through SMILES enumeration and topological similarity
expansion,  the model achieved enhanced accuracy and generaliza-
tion  for  RT  prediction  under  specified  conditions.  Kumari  et  al.[73]

further  applied  transfer  learning  to  construct  multi-target  models
that  facilitate  knowledge  sharing  across  reversed-phase  LC  plat-
forms.  Most  recently,  the  ABCoRT  model[74] leveraged  atom-bond
co-learning in an end-to-end graph framework, predicting RTs with
an  average  relative  error  of  only  3.24%  on  METLIN-SMRT  and
demonstrating  strong  transferability  on  the  PredRet  dataset,  high-
lighting  the  universality  of  graph-based  approaches  for  RT  predic-
tion.

 Collision cross section prediction
Ion mobility spectroscopy (IMS) separates ions in the gas phase based
on their mobility through a buffer gas under an electric field[75−77]. The
resulting mobility differences are quantified as CCS, which reflects ion
size, shape, and mass and provides valuable structural information for
compound identification[78]. When combined with MS/MS and RT data,
CCS  enables  isomer  differentiation,  reduces  false  positives,  and
enhances  confidence  in  NTA[79,80].  However,  obtaining  extensive
experimental CCS values remains costly,  motivating the development
of  machine-learning-based  CCS  prediction  methods  as  an  effective
complementary solution[36].

Early work by Zhou et al.[81] introduced support vector regression
(SVR)  with  molecular  descriptors  for  CCS  prediction  in  metabolites,
generating  35,203  CCS  values.  Subsequent  efforts  extended  this
strategy  to  lipids,  resulting  in  >  60,000  predicted  CCS  values  and
demonstrating improved candidate ranking and reduced false posi-
tives[82].

Building on these traditional approaches, artificial neural network
(ANN)-based  models  have  further  enhanced  CCS  prediction  accu-
racy and broadened applicability[24]. DeepCCS employed CNNs with
SMILES  and  ion  type  inputs,  achieving  an R2 of  0.97  and  a  median
absolute relative error (MedARE) of ~ 2.7[83].  Later frameworks, such
as  AllCCS2,  incorporated  graph  convolutional  networks  (GCNs),
multilayer perceptrons (MLPs), and enhanced molecular representa-
tions to improve transferability and enable accurate CCS prediction
across  different  instrument  platforms[84].  SigmaCCS  introduced  3D
molecular  information  through  edge-conditioned  convolutions,
achieving R2 =  0.9945  and MedARE =  1.175%  on  CCSBase  with
improved interpretability[85].

To  address  analyte  class  heterogeneity,  MGAT-CCS  introduced
class-guided multimodal attention for lipids and metabolites, reduc-
ing  lipid  prediction  error  to  0.47%  (positive  mode)  and  lowering
false positives by ~ 25%[86]. More recently, foundation-model-based
architectures  such  as  HyperCCS[87] integrated  pretrained  chemical
language models with cross-modal fusion of fingerprints, mass, and
adduct  information,  demonstrating  strong  isomer  discrimination
and cross-domain generalization.

While  substantial  progress  has  been  made  in  metabolomics  and
lipidomics, mainstream CCS predictors remain less effective for envi-
ronmental organic pollutants due to greater structural diversity and
limited  available  training  data[88,89].  Between  2016  and  2022,  only
9,407  CCS  values  across  4,170  organic  micropollutants  were
reported,  a  number  that  remains  insufficient  for  broad-scale  envi-
ronmental analysis[90].

To bridge this gap, pollutant-focused CCS models have emerged.
Bijlsma  et  al.[91] demonstrated  CCS  prediction  for  environmental
chemicals  using  a  genetic-algorithm-optimized  ANN,  achieving  <
6%  error  in  95%  of  protonated  molecules  and  enabling  pesticide

screening in spinach extracts.  Mollerup et  al.[26] expanded the ANN
approach and introduced a  joint  CCS-RT predictor,  showing robust
performance  across  357  pharmaceutical  CCS  values  and  demon-
strating simultaneous prediction of orthogonal parameters for high-
throughput screening. Foster et al.[92] developed a halogen-focused
SVR model  for  PFAS and other  halogenated compounds,  achieving
median error ≤ 1.0% and enabling discovery of novel PFAS in human
serum. Song et al.[93] trained SVM models for extractables and leach-
ables  from  plastics  using  >  1,000  curated  chemicals,  significantly
improving confidence in river-water screening workflows.

 Machine learning-assisted quantification
in non-targeted analysis

Quantification  in  LC-HRMS  relies  on  establishing  a  functional
relationship  between  signal  intensity  and  known  concentration.  For
identified compounds, a calibration-derived RF enables the conversion
of  peak  area  to  concentration.  RF  represents  the  effective  signal
produced  per  unit  concentration  and  is  governed  by  IE  and  matrix
suppression/enhancement. The response can vary by several orders of
magnitude across analytes due to the high sensitivity of IE to molecular
properties,  mobile-phase composition,  and matrix  effects[94−96].  In  the
absence of analytical standards, conventional quantification cannot be
implemented,  making  reliable  quantification  a  major  challenge  in
NTA[97].  ML has recently been introduced to provide alternative, data-
driven  solutions  through  surrogate  selection,  IE  modeling,  and  RF
prediction, enabling robust semi-quantification of compounds without
available standards.

In  the  absence  of  reference  standards,  structurally  or  chromato-
graphically  similar  compounds  are  often  selected  as  surrogates  for
quantification. However, surrogate selection is inherently subjective
and  relies  heavily  on  expert  judgment,  introducing  uncontrolled
variability  and  unclear  sources  of  quantification  bias,  ultimately
increasing uncertainty[21]. To address this issue, a recent data-driven
surrogate selection strategy enables the quantification of unknown
chemicals  without  standards  by  employing  multimodal  learning  to
integrate  structural,  chromatographic,  and  MS-derived  features  to
predict  ionization  similarity[8].  Each  modality  contributes  an  ioniza-
tion  score,  which  is  fused  via  a  transformer  model  to  cluster
compounds with  comparable  ionization behavior.  A  representative
surrogate  in  each  cluster  provides  a  calibration  curve,  enabling
proxy-based  quantification  and  reducing  subjectivity  in  surrogate
selection for NTA. This approach demonstrated robust performance,
achieving  an  average  error  of  4.03-fold  in  internal  cross-prediction
and  a  median  3.21-fold  error  in  external  validation,  indicating  reli-
able semi-quantification without authentic standards[8].

IE is the primary determinant of inter-compound response differ-
ences.  Predicting  logIE  is  functionally  equivalent  to  RF  normaliza-
tion  and  thus  forms  the  foundation  of  standard-free
quantification[30,97].  Numerous  models  have  been  developed  for
logIE prediction (Table 1).

Early  logIE  prediction  relied  on  multiple  linear  regression  (MLR)
within  restricted  chemical  classes  and  identified  hydrophobicity,
molecular  weight,  and  charge  as  dominant  drivers,  yielding R2

values of 0.7–0.8. However, the predictive accuracy dropped sharply
when  chemical  diversity  increased[103].  Ensemble  models  capture
nonlinear  structure-IE  relationships  more  effectively.  The  random-
forest model developed by Kruve et al.[30] was trained on 353 cations
and  101  anions  across  106  mobile-phase  conditions,  achieving  an
error  within  a  factor  of  two  in  negative  ionization  mode.  Subse-
quent  studies  reported  eXtreme  Gradient  Boosting  models  (XGB)
that  improve predictions  in  under-represented regions  of  chemical
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space, such as PFAS[29]. Ensemble learning models, such as XGB and
random  forests,  consistently  achieve  superior  IE  prediction  across
diverse chemical classes and currently represent the state of the art
in  environmental  applications.  Although  ANN-based  models  have
been  explored  for  IE  modeling,  their  application  remains  limited,
primarily due to the small size and sparsity of available IE datasets.

RF  prediction  can  be  viewed  as  an  extension  of  IE  modeling,
wherein  ML  regression  reconstructs  the  concentration–response
function and can further harmonize response across instruments. RF
models  typically  use  molecular  descriptors  (such  as  fingerprints,
polarity  indices,  acid-base  constants)  along  with  chromatographic
and MS conditions as inputs.  For example,  both random-forest and
ANN models have been trained to predict RF from physicochemical
features,  enabling  concentration  estimation  by  predicted  RF
values[31].

Due to the susceptibility of  response factors to instrumental  and
experimental conditions, the transferability of predicted RFs remains
a general limitation. To address this issue, Tisler et al.[104] proposed a
tandem  machine  learning  strategy  to  achieve  high-accuracy  semi-
quantification  in  NTA.  First,  a  quantitative  QSPR  model  was  devel-
oped  to  correlate  2D  molecular  descriptors  with  the  total  MS
response  factor  to  predict  responses  for  unknown  compounds.
Crucially,  a  second  transferability  QSPR  (t-QSPR)  model  was  intro-
duced  to  correct  for  instrumental  and  temporal  variations  by
predicting  compound-specific  response  adjustment  factors  using  a
small  set  of  standards.  This  dual-model  framework  successfully
confined  concentration  prediction  errors  within  a  factor  of  2.4–3.3
for  most  compounds,  significantly  enhancing  the  reliability  and
transferability of semi-quantitative NTA.

 Perspective

Despite  substantial  progress  in  applying  ML  to  LC-HRMS-based  NTA,
several  fundamental  challenges  continue  to  limit  its  robustness,
transferability,  and  practical  adoption  in  environmental  applications.
Future  advances  in  this  field  would  benefit  from  prioritizing  the
following key research directions.

 Representation learning for improving model
performance
In tasks involving the prediction of MS/MS spectra, RT, CCS, and IE from
molecular  structures,  model  inputs  have  traditionally  relied  on
handcrafted  molecular  features  including  molecular  fingerprints  and
physicochemical  descriptors.  These  descriptors  are  typically
constructed  based  on  expert  knowledge  and  predefined  rules  and
often  exhibit  strong  task  dependence.  As  a  result,  they  may  fail  to

capture  complex  structural  characteristics.  Recent  advances  in
molecular  representation  learning  offer  a  promising  alternative.
Representation  learning  methods  based  on  molecular  sequences  or
graphs,  especially  when  combined  with  self-supervised  learning
strategies,  enable  models  to  automatically  learn  informative  features
directly  from  raw  molecular  data  without  relying  on  manually
designed  descriptors.  Future  studies  may  explore  the  use  of  learned
molecular  representations  to  replace  or  complement  conventional
features  in  order  to  enhance  predictive  performance  and
generalization.

For  mass  spectral  data,  an  additional  challenge  arises  from  the
discrepancy  between  reference  spectra  and  real  environmental
spectra. High-quality mass spectral libraries are typically constructed
using  pure  reference  standards  measured  under  controlled  experi-
mental  conditions,  resulting  in  spectra  with  low  background  noise
and  well-defined  fragmentation  patterns.  In  contrast,  mass  spectra
acquired  from  environmental  samples  are  often  affected  by
complex  matrices  and  co-eluting  compounds,  leading  to  elevated
noise  levels  and  distorted  fragment  intensity  distributions.  These
differences can substantially degrade model performance in practi-
cal applications.

Spectral  representation  learning  has  emerged  as  a  promising
strategy  to  address  these  challenges.  By  employing  self-supervised
learning  approaches  such  as  masked  learning  or  contrastive  learn-
ing,  models  can  automatically  extract  informative  spectral  features
and  encode  them  into  compact  vector  representations.  For  exam-
ple,  DeepMASS  adopts  a  Word2Vec-based  embedding  strategy  in
which fragment ions or neutral losses are treated as tokens and their
co-occurrence patterns are learned to capture latent structural infor-
mation[105].  Similarly,  DreaMS employs a  contrastive self-supervised
learning  framework  to  learn  spectral  representations  from  millions
of MS/MS spectra from samples, enabling them to accurately reflect
underlying molecular structures[106]. Integrating spectral representa-
tion  learning  with  downstream  tasks  such  as  molecular  fingerprint
prediction  is  expected  to  further  improve  prediction  accuracy  and
robustness, thereby enhancing compound identification in environ-
mental NTA.

 Multimodal learning to enhance model
transferability
Qualitative  and  quantitative  parameters  are  typically  influenced  by
experimental  and  instrumental  conditions.  MS/MS  spectra  are
determined  by  the  fragmentation  behavior  of  precursor  ions  and  are
strongly  influenced  by  collision  energy,  fragmentation  method,  and
ionization  mode.  RT  reflects  the  partitioning  of  analytes  between  the
stationary  and  mobile  phases  and  is  therefore  highly  sensitive  to
chromatographic  conditions  such  as  column  type,  mobile  phase

 

Table 1  Comparison of the logIE models from the literature

Source Mode Number of compounds Type of compounds Datapoints Algorithm
Performance on test set

R2
test ERMS-test

Nei et al.[98] ESI+ 62 Metabolites 815 ANN 0.84 0.40
Kaskow et al.[99] ESI+ 241 Peptide 241 RF 0.844 /
Aalizadeh et al.[100] ESI+ 103 Emerging contaminants 103 MLR 0.803 0.309
Cramer et al.[101] ESI+ 77 Drug-like compounds 77 MLR 0.905 /
Liigand et al.[30] ESI+ 353 Emerging contaminants 3319 RF / 0.477
Hermans et al.[102] ESI− 127 Natural Products 127 MLR 0.7 /
Liigand et al.[30] ESI− 101 Emerging contaminants 1286 RF / 0.362
Lauria et al.[29] ESI− 132 Emerging contaminants 1319 XGB / 0.79

ESI+:  positive  mode  of  electrospray  ionization  source;  ESI−:  negative  mode  of  electrospray  ionization  source;  ANN:  artificial  neural  network;  RF:  random  forest;  MLR:
multiple linear regression; XGB: eXtreme Gradient Boosting; R2

test: the coefficient of determination for the test set; ERMS-test: the root mean squared error for the test set;
"/" : no related metric.
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composition, pH, and temperature. Although CCS is often regarded as
a  quasi-intrinsic  property,  it  depends  on  instrumental  conditions  and
exhibits  variability  across  platforms.  IE  is  governed  by  charge
acquisition and stabilization processes in the ion source and is strongly
affected by experimental and instrumental conditions such as solvent
composition, ion source parameters, and pH.

However,  existing  prediction  models  have  predominantly  been
based  on  molecular  structural  features,  while  experimental  and
instrumental factors have been insufficiently considered, resulting in
limited  cross-platform  generalization.  To  improve  model  transfer-
ability,  future  research  should  adopt  multimodal  learning  frame-
works  that  explicitly  integrate  molecular  structural  features  with
auxiliary information describing experimental conditions and instru-
mental  configurations.  By  jointly  modeling  these  complementary
sources of information, multimodal approaches may better capture
systematic variability across platforms. In addition, transfer learning
and  domain  adaptation  strategies  can  enhance  robustness  and
reproducibility  across  laboratories  and  instruments  by  fine-tuning
pretrained models using limited target domain data.

 Improving the applicability of machine learning
models to environmental chemical space
A  major  limitation  in  applying  ML  to  environmental  NTA  is  the
insufficient representation of  environmentally  relevant compounds in
existing  datasets.  Most  publicly  available  spectral,  RT,  and  CCS
databases  are  dominated  by  small  molecule  metabolites  commonly
studied  in  metabolomics,  such  as  organic  acids,  sugars,  and  lipids,
which  occupy  a  relatively  constrained  chemical  space  with  high
functional  group  redundancy.  In  contrast,  environmental  organic
pollutants  span  a  much  broader  and  more  heterogeneous  chemical
space, including many structurally unusual compounds that are rare or
absent  in  natural  biochemical  systems,  such  as  perfluorinated
compounds,  halogenated  aromatic  compounds,  and  multifunctional
industrial additives. The limited representation of such compounds can
introduce  systematic  bias  into  ML  models,  leading  to  degraded
performance  for  environmental  pollutants.  This  issue  is  particularly
pronounced for molecular generative models. The scarcity of structural
data for emerging pollutants restricts the ability of generative models
to learn their characteristic features.

To address these challenges, multitask learning may be employed
to  improve  model  generalization  by  sharing  information  across
related tasks. Data augmentation strategies, such as the generation
of  simulated  spectra  or  the  perturbation  of  molecular  structures,
may also increase data diversity. In addition, pretraining models on
large  datasets  from  related  domains  followed  by  fine-tuning  with
limited  environmental  data  represents  a  practical  strategy  to
enhance  model  applicability  within  the  environmental  chemical
space.

 Bias in molecular generative models and
detectability constraints
Molecular  generative  models  inherently  learn  the  statistical
distribution  of  their  training  data  and  therefore  tend  to  generate
structures  that  are  similar  to  those  that  are  well-represented  in  the
training set. As a result, chemical classes that are underrepresented or
structurally  distinct  may  be  inadequately  sampled  in  the  chemical
space.  Enhancing  the  structural  diversity  of  training  sets  with
environmentally relevant compounds is therefore critical for improving
the  exploratory  capacity  of  generative  models  in  environmental
applications.

In addition, not all  generated molecules are equally amenable to
detection by LC-HRMS. Some structures may exhibit poor ionization

efficiency,  be  detectable  only  under  specific  ionization  modes.
Furthermore,  some  structures  have  not  yet  been  synthesized  or
released into the environment.  Incorporating constraints  related to
ionization  feasibility,  detectability,  and  environmental  relevance
into molecular generation workflows may help reduce false-positive
candidates and improve the practical utility of generated structures
for real-world environmental screening.

 Toward automated machine learning-driven
screening frameworks
Despite the growing number of ML tools developed for environmental
NTA,  most  existing  approaches  are  applied  in  isolation  and  lack
integration into unified analytical frameworks. Differences in predictive
accuracy,  applicability  domains,  and uncertainty characteristics  across
models,  together  with  the  absence  of  systematic  strategies  for  result
integration  and  confidence  assessment,  limit  the  reliability  of
composite predictions.

Future  efforts  should  focus  on  the  development  of  integrated
screening  platforms  that  combine  qualitative  and  quantitative  ML
models  within  a  coherent  framework.  Multi-model  ensemble
approaches that weight and fuse predictions from multiple sources,
coupled  with  uncertainty  quantification  methods,  represent  a
promising  direction  for  improving  robustness  and  reproducibility.
Ultimately,  the  development  of  highly  automated,  interpretable,
and  transferable  ML-driven  systems  has  the  potential  to  enable
high-throughput  and  reliable  screening  of  organic  pollutants  in
complex environmental samples.
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