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Abstract: Per- and polyfluoroalkyl substances (PFAS) are a diverse group of over 
14,700 synthetic chemicals known for their environmental persistence and association 
with adverse health effects. Non-target analysis (NTA) using high-resolution mass 
spectrometry (HRMS) is increasingly used for detecting and discovering new PFAS. 
However, manual analysis of HRMS data is time-consuming, and current automated 
systems depend on known reference standards and are restricted to Data Dependent 
Acquisition (DDA) methods. Here we propose a machine learning algorithm to 
prioritize potential PFAS-related compounds based on spectral data. The model, 
trained on distinct compound structures, can prioritize both known and unknown 
PFAS-related compounds without relying on prior statistical assumptions or reference 
standards, achieving an F1-macro score of 0.928, however only achieving a F1 score 
of 0.698 on PFAS related spectra. It leverages complex fragmentation patterns, KMD, 
and neutral losses to enhance detection accuracy. 

 
Keywords: per- and polyfluoroalkyl substances (PFAS); non-target analysis (NTA); 
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1. Introduction 

Per- and polyfluoroalkyl substances (PFAS) are a group of synthetic chemicals that have been manufactured 
and used in a variety of consumer products since the 1950s. Although the direct health effects of human exposure to 
PFAS are not well understood, there is evidence that exposure to PFAS is associated with higher blood cholesterol 
levels [1–12]; limited evidence that it is associated with kidney [13–16] and testicular cancers [15,16], lower levels 
of antibodies in humans [17–20], and damage to the liver and immune system at high levels in animals [21]. 

PFAS are increasingly being detected in natural waters, wastewater, sludge, and aquatic and land species [22]. 
Furthermore, PFAS pollution is poorly reversible as both parent compounds and their transformation products are 
very persistent [23,24]. To date 4730 CAS registered PFAS have been identified on the global market; and as of 
early 2024, over 14,700 PFAS compounds are included in the CompTox Chemicals Dashboard [25]. Under the 
revised definition of PFAS by the Organization for Economic Cooperation and Development (OECD), it is 
estimated that there are over 7 million unique PFAS and more than 21 million fluorinated compounds [26]. 

Current methods for the detection of PFAS mostly rely on targeted analytical methods and hence require 
reference standards, however, these methods have access to a limited number of reference standards (25–50 
approximately) [27]. Most large-scale studies focus only on specific regulated PFAS such as perfluorooctanoic 
acids (PFOA) and perfluorooctane sulfonic acids (PFOS) [28]. However, these studies are insufficient as not only 
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are there millions of distinct PFAS, some less stable PFAS such as perfluoroalkyl acids (PFAA) can undergo 
transformation to become more stable PFAS once released into the environment [29]. Furthermore, more PFAS 
are expected to be discovered as new PFAS continue to be synthesized and released into the environment [30,31]. 

Because of the low abundance of some PFAS compounds and high chemical diversity, high-resolution mass 
spectrometry (HRMS)-based non-target analysis (NTA) is gaining increasing popularity to identify new PFAS in 
complex environmental matrices [32,33]. However, there is currently a lack of standards and reference material to 
assist with their determination [34]. HRMS data can potentially result in the analysis of many thousands of 
compounds. Manually analyzing these compounds can be extremely time consuming and challenging. Automated 
methods to identify PFAS from HRMS data have been developed such as Fluoromatch and PFAScreen [28,35], 
however these are expert systems and depend on the use of known reference standards and knowledge of PFAS 
characteristics to make inferences. Although the fragmentation patterns for some PFAS are well understood, others, 
such as PFAS derivatives are more complex. These features, combined with multiple parameters extracted from 
the First Stage of Mass Spectrometry (MS1), are hard to leverage effectively to detect PFAS. Even expert systems 
will likely not be able to leverage all potential factors to the fullest. Furthermore, the scope of the data that 
Fluoromatch can use is limited as it depends on Data Dependent Acquisition (DDA) and is unable to work with 
Data Independent Acquisition (DIA). 

In this study, we present a Machine Learning (ML) algorithm to rapidly identify potential PFAS-related 
compounds from componentized HRMS data. The advantage of using a ML model is that it can make complex 
statistical inferences from the data it receives. The training and test sets for modelling and evaluation were chosen 
randomly under the provision that each compound would only be present in one or the other. This step ensures 
that the resulting trained model relies on finding common identifiers between PFAS instead of attempting to 
identify the exact PFAS. As such it is a dependable classifier to prioritize known and unknown PFAS-related 
compounds as it does not rely on previous reference standards. Furthermore, by using componentized features as 
input from the Self-Adjusting Feature Detection (SAFD) [36] and componentization (CompCreate) [37] packages, 
data can be interpreted from either DDA or DIA methods. 

For the purposes of this work, the following terminology is adopted. PFAS (per- and polyfluoroalkyl 
substances) refers to compounds containing at least one fully fluorinated methyl (–CF3) or methylene (–CF2–) 
carbon atom, consistent with the OECD (2021) structural definition. PFAS precursors are compounds that can 
degrade or transform into terminal PFAS through biotic or abiotic processes. The term “PFAS-related”, as used 
throughout this manuscript, denotes the broader class predicted by the model: it encompasses PFAS, PFAS 
precursors, and structurally associated compounds (e.g., PFAS derivatives) that may not themselves contain 
fluorine but are linked to PFAS through their chemistry. 

2. Method 

2.1. Model Workflow 

The PFAS prioritization algorithm was developed using a ML algorithm. To develop the algorithm, several 
steps were undertaken as illustrated in the workflow in Figure 1. The MassBank repository was used as the Data 
source [38]. This data was first transformed and structured for the model and split for use in a grouped cross-
validation (CV) (described in Section “Creating the Cross-Validation datasets”). The parameters of the model were 
then optimized, and the final model was tested on the test set. A final model was built using all the data available 
and was tested on an external test set which was obtained from Dewapriya et al. [30]. 

2.2. Data Source 

Model Data 

Spectral data was retrieved from the MassBank repository [38]. The MassBank repository is an open-source 
experimental mass spectral library for the identification of small chemical molecules of metabolomics, exposomics, 
and environmental relevance. The repository can contain multiple spectra for the same compound collected under 
the same or different conditions, resolution, and/or on different instruments. Subsequently, an in-house algorithm 
was employed to extract the data from text files and populate a database. The following attributes were extracted 
from the MassBank data: Exact Mass, Fragment m/z, Simplified Molecular-Input Line-Entry System (SMILES), 
and ID. 
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2.3. Data Preparation 

2.3.1. Data Filtering 

Only spectra acquired through ElectroSpray Ionisation (ESI) and with a resolution of 30,000 or above were 
initially considered, however around 60% of the spectral data do not report resolution. For those, only spectra with at 
least three non-zero digits in the mantissa of all their fragment values were considered likely to be from HRMS and 
retained. This mantissa-based heuristic is an imperfect proxy for HRMS, low-resolution instruments can also report 
m/z values to several decimal places and its implications for the model are discussed in the Limitations section. 

 

Figure 1. Workflow illustrating the steps needed to obtain the final model. The initial data is from the MassBank 
repository. The data is then selected and processed for the model to train on. A grouped fold CV method was applied 
(see Section “Creating the Cross-Validation datasets”). The optimal set of parameters are then selected, and the 
final model is trained on the whole dataset. The External test set is used to evaluate the final model. 

2.3.2. Synthetic Measured m/z of Parent Ion 

As the reference spectra are derived from analytical standards, the measured m/z of the parent ion is not 
available; a synthetic measured m/z was therefore generated from the exact mass. 

Most PFAS found in the environment and biota samples ionise in negative mode and they mainly deprotonate 
under common ionization techniques [39]. To focus mainly on environmentally related PFAS and to simplify the 
ionization mode, the model assumes that all PFAS compounds deprotonate. To achieve this, the exact mass was 
transformed into a synthetic measured m/z by subtracting the mass of a proton and then adding an error term to it. 
This error term is computed by assuming that all compounds and fragments were measured at a resolution of 30,000. 

The resulting error was derived through the following calculations: 

ℛ =
m/z

FWHM
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FWHM =  2 ∗  2 ∗  ln2 ∗  σ 

𝜎𝜎 =
m/z

ℛ ∗ 2 ∗ �2 ∗ ln(2)
 

where: 
ℛ is the resolution, FWHM is the FWHM, 𝜎𝜎 is the standard deviation, and m/z is the mass-to-charge ratio 

of an ion. 
The equation above is derived from the probability density function of the normal distribution, for further 

information on the derivations, please see [40]. 
Assuming the error is normally distributed, the estimated error term is obtained by sampling from the 

normal distribution. 

𝑒𝑒~𝒩𝒩(0,𝜎𝜎2) 

The sampled error term is then added to the exact m/z to create a synthetic measured m/z. 
The justification of the resolution choice and the Gaussian error assumption can be found in Text S1. 

2.3.3. Homologous Series 

The synthetic measured m/z is too compound-specific for the model to generalize from given the limited 
training data. To obtain more generalizable input variables, the Kendrick Mass Defect (KMD) was computed 
across twelve repeating units [41] repeating units include the seven fluorinated units (CF2, CF2O, C2F4O, CF, 
C2H2F2, C3F6O), which aid in detecting PFAS homologue series, and five non-fluorinated units (CN, CO, CH2, 
CCl, CS), which help classify non-PFAS homologous series [42]. The rationale for the KMD transformation, the 
choice of repeat units, and algorithm is provided in Text S2. 

2.3.4. Oversampling 

To present a more accurate error distribution to the model, the following was performed: where there were less 
than 30 reference spectra for a distinct PFAS-related compound, further spectra are created by copying the original 
spectrum with the exact m/z of the parent ion, and creating a new synthetic measured m/z of the parent ion. 

To have an even representation of the spectra for the same compound, the original spectra were copied x 
times where x is the quotient of 30 divided by the number of original spectra, and y copies were selected without 
replacement from the original spectra, where y was the modulus of the division above. 

The rationale for oversampling is provided in Text S3. 

2.3.5. Addition of Neutral Loss to Fragments 

Characteristic neutral losses have been shown to aid in the identification of PFAS [43,44], so neutral loss 
was also added to the model. Neutral losses were computed by subtracting the pseudo measured precursor ion m/z 
from the fragment m/z. They represent the remainder weight of the compound and can be considered a fragment 
themselves. Hence, further discussion about fragments also includes neutral losses. 

2.3.6. Binning 

The following preprocessing steps were implemented: 

• Fragments were grouped into uniformly sized bins starting from zero, with bin width treated as a 
hyperparameter optimized on the validation sets. 

• A minimum occurrence threshold per bin was applied as a hyperparameter; bins with too few fragments 
were excluded. 

• Only fragments associated with at least one parent compound in a PFAS-related class were retained, to 
prevent the model from predicting class solely on fragment presence. 

• Imposing a minimum m/z value for fragments. A threshold of −10 Daltons was set to exclude implausible values. 
This only occurs with neutral loss data as it is suspected that some of the entries require spectra cleaning as there 
are many MassBank entries that have reported fragments much larger than the precursor ion. 
The rationale of these steps can be found in Text S1. 
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2.3.7. Classes 

A class titled “PFAS-related” was derived using the PFAS-Map algorithm [45]. The algorithm uses 
standardized SMILES, which were extracted using the Python package RDKit (version 2025.09.6) [46] to 
categorize compounds as not being PFAS related, or into various PFAS types and PFAS-related compounds, 
including silicon PFAS, side-chain fluorinated aromatic PFAS, aliphatic PFAS, PFAS derivatives, PFAA, 
perfluoro PFAA precursors, non-PFAA perfluoroalkyls, fluorotelomer alkyl sulfonamides (FASA)-based PFAA 
precursors, fluorotelomer-based PFAA precursors. 

The final input variables utilized for this model include the KMDs and the fragment bins. The model attempts 
to predict the “PFAS-related CLASS” class. This class includes PFAS compounds, but also PFAS derivatives that 
contain no fluoride and thus are not a PFAS yet related to PFAS. 

2.3.8. Preliminary Exploratory Data Analysis 

In relation to PFAS, the spectra found in the MassBank database can be found in Table 1. 

Table 1. Class count per spectra and per distinct compounds of the MassBank database. 

 Before Filter After Filter 
CLASS Distinct Reference Spectra Distinct Compounds Distinct Spectra Distinct Compounds 

Not PFAS-Related 62,999 7284 45,790 5406 
PFAS derivatives 847 73 685 54 

Side-chain aromatics 1113 87 941 69 
Fluorotelomer PFAA precursors 124 13 121 13 

PFAAs 244 31 232 31 
Other aliphatics 28 5 28 5 

Perfluoro PFAA precursors 8 1 8 1 
FASA based PFAA precursors 26 4 26 4 

Class Count of the MassBank database. 

The PFAS distribution in the m/z spectrum is well represented (Figure 2, Figure S3). For individual PFAS 
classes, there are some that could potentially have adequate representation such as PFAS derivatives and side-
chain aromatics (see Figure S2). However, there are many that are not sufficiently represented to be considered 
significant, and even some that are only represented by one compound (Figures S1 and S2). An ideal model would 
predict the PFAS subclass, however, given the limited amount of data and the increase of complexity for the model, 
the final class variable is a binary value for “PFAS-related”, and “not PFAS-related”. “PFAS-related” contains all 
classes besides “Not PFAS-related”. 

 

Figure 2. Histogram of the collection of fragments and losses of the dataset, grouped by PFAS and non PFAS class, 
after removal of suspected low-quality spectra and removal of fragments which do not appear in any PFAS spectra. 
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2.4. External Test Data 

The measured mass used in the model construction is a synthetic measured mass extracted from the exact 
mass, whereas the model is expected to use the mass from HRMS measurements. Furthermore, for the model 
construction, the compounds were measured by using targeted methods, whereas the model will need to process 
data coming from untargeted methods. These create some differences between the training/testing data and data 
from NTA. To test if these differences affect the model performance, an external NTA test set obtained from 
Dewapriya et al. [30] was used to test the model and evaluate performance. 

The raw dataset was from pooled blood and serum extracted from cattle exposed to Aqueous Film Forming 
Foam (AFFF) impacted groundwater. The HRMS data was acquired using a SCIEX X500R Quadrupole Time-of-
Flight (QTOF) mass spectrometer (SCIEX, Framingham, MA, USA) operated in Sequential Window Acquisition 
of all Theoretical Ion Spectra (SWATH), ESI in negative mode, and the data was processed using SCIEX OS. 

2.4.1. PFAS Spectra 

From the data processed using SCIEX OS, these had a feature identification through library search, suspect 
screening, and NTA feature identification. Confidence was determined using the Charbonnet scale [34], which is 
a confidence scale with identification criteria specific to suspect or NTA of PFAS. The results of these can be 
found in Tables 2 and 3. For further information on the materials and method see Dewapriya et al. [30]. 

The results are as follows: 

Table 2. Blood and serum dataset with reported Charbonnet identification confidence [34]. 

Level Identification Confidence Potential PFAS Reported 
1a Confirmed by reference standard 12 
1b Indistinguishable from reference standard 1 
2a Probable by library spec. match 2 
3a Positional isomer candidates 10 
3b Fragmentation-based candidate 4 
4 Unequivocal molecular formula 3 
5a PFAS suspect screening exact mass match 4 
5b Non-target PFAS exact mass of interest 29 

PFAS per Charbonnet ID. 

Table 3. Blood and serum dataset with reported classifications. Library matches are spectra that were identified 
using the SCIEX OS (SCIEX, Framingham, MA, USA) LibraryView tool with an in-house library of 414 known 
PFASs, using the candidate search algorithm. The Suspected Matches were obtained via the SCIEX OS suspect 
screening tool. The new structures are compounds that were not identified but whose properties give them a high 
likelihood (3b in the Charbonnet scale) of being a PFAS. 

Classifications Number of PFAS Detected 
Library Match 15 
Suspect Match 12 
New Structures 3 

Unknowns 34 
PFAS per classification. 

Although the algorithm processed all compounds, only spectra with a Charbonnet scale of level 1a and 1b 
are used to mitigate the chances of false positives. 

2.4.2. Non-PFAS Compounds 

From the compound list obtained from SCIEX OS, the compounds detected as PFAS or potentially PFAS 
were excluded. 77 compounds were selected at random. The fragmentation of these compounds was then extracted 
from SCIEX-OS and further screened for PFAS, four of these compounds could not be ruled out as being PFAS 
and were removed from the possible candidates. The remaining 73 were treated as not being PFAS. 
  



Feraud et al.   Environ. Contam. Causes Solut. 2026, 2(2), 7 

https://doi.org/10.53941/eccs.2026.100007  7 of 19  

2.5. Training the Model 

2.5.1. Classifier Selection 

The LightGBM classifier was chosen for its ability to handle complex relationships efficiently [47]. The 
comparison with XGBoost and CatBoost that led to this choice is provided in Text S5. 

2.5.2. Creating the Cross-Validation Datasets 

The model uses a grouped 10-fold CV with a three-way (train/validation/test) split. To obtain this CV, the 
dataset was first partitioned into ten folds at the compound level. Each compound can have multiple associated 
reference spectra; however, all spectra belonging to the same compound were restricted to a single fold, ensuring 
that spectra from the same compound never appear in more than one-fold. The folds were then arranged following 
a standard ten-fold CV scheme. For each iteration, eight folds were used for training the model, one-fold for 
validation, and the remaining fold for testing. The procedure was carried out ten times, rotating the validation and 
test folds so that each fold was used once as the validation set and once as the test set. Critically, each model’s test 
fold was strictly excluded from its own training and hyperparameter tuning, ensuring no data leakage within any 
individual model. Collectively, the validation and test sets span the entire dataset. The rationale for this setup is 
given in Text S6. 

Each spectrum is assigned a weight calculated by dividing one by the total number of spectra for the 
corresponding compound. This weighting ensures that compounds with limited representation are given equal 
importance, compared to those with more spectra (e.g., compounds with only 30 spectra versus those with over 100). 

2.5.3. Parameter Tuning 

There were 5 different hyperparameters (see Table 4) that were varied and 10 iterations for the cross 
validation. A limited grid search was applied to find the optimal parameters; this resulted in 7560 trained models. 

Table 4. Hyperparameters and constants of data and model. 

Name Description 
Bin width The size of the bins used to group the fragments on the m/z scale. 
Number of leaves Maximum number of leaves in one tree. 
Minimum data in leaf Minimum number of observations in a leaf node. 

Learning rate Determines the step size in the direction of steepest descent of the loss function for each 
iteration. 

Number of estimators Maximum number of trees to be built (the model can be stopped early by “early stopping round” 
if little to no increase in log loss is obtained by the last n number of trees). 

Early Stopping Rounds Stops the training early if the log loss of validation dataset doesn’t improve in the last n trees. 
Minimum fragment bin 
count considered Specifies the minimum number of fragments required for a bin to be considered. 

Minimum count considered The minimum number of fragments present in a bin for that bin to be included in the model. 

Is OCFPC Only considers fragments which have at least one parent compound of the class of interest 
(PFAS-related). 

Is SGHL Removes fragments that are only present in a single class. 
Metric The evaluation Metric used on the validation set. 

Class weight When set to “balanced” the model automatically assigns weights to each class inversely 
proportional to their frequency in the input data. 

Objective The type of regression or classification the model needs to perform. 
Max depth The number of sequential splits allowed. 
Hyperparameters of model. 

2.5.4. Model Training 

Within each CV iteration, models were trained using different hyperparameter combinations and evaluated 
on the corresponding validation fold. For each CV iteration, the hyperparameter set achieving the highest 
validation F1-score was selected, and the model trained with these parameters was used to generate predictions 
for the test fold. The test performance reported for the model corresponds to the average of the test results across 
the ten iterations. 

The final hyperparameter set of the final model is obtained from the set of hyperparameters that produces the 
highest validation score over the ten iterations. The final model is trained on all the data using this selected set of 
hyperparameters. 
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2.5.5. Hyperparameter Description 

The hyperparameters evaluated for model assessment can be categorized into two groups: those directly 
influencing the structure of the input data fed into the model, and those stemming from the classifier’s 
hyperparameters. The parameters for each category can be observed in Table 4. 

For additional information regarding LightGBM parameters, see the LightGBM documentation [48]. 

2.6. Metrics Used 

The metric used to assess the model was the F1 score on the validation set. Further evaluation metrics were 
reported, these are the F1 score, PFAS-related Recall, Balanced Accuracy, and the precision-recall. These metrics 
were investigated when considering the spectra as a singular sample, and the compound as a singular sample. 

3. Results 

3.1. Final Parameters 

Table 5 gives the final parameters for the model, they are separated into “Data Parameters” for the parameters 
that affect the dataset the model will train on, and the “Model Parameters” are the parameters that directly affect 
the model. 

Table 5. Optimal parameters for the dataset that is used for the model, and optimal parameters of the LightGBM 
model. Not all combinations of the variables were tested as it was noticed that some values were performing poorly 
regardless of the values of the other variables and thus were not further considered. Other variables were tested but 
not listed as they were sub-optimal. 

Data Parameters 
Name Final Value Values Evaluated 

Fixed resolution True True 
Bootstrap PFAS True True 

Minimum exponent 3 3 
Minimum loss −10 −10 

CV splits 10 10 
Minimum count considered 3 3 

Only consider fragments whose parents belongs to searched class True True 
Group fragments that are only present in one class True True 

Bin width 0.10 0.07, 0.08, 0.09, 0.10, 0.11, 0.12, 0.13 
Model Parameters 

Name Value Variables 
Number of leaves 10 10, 20, 30 

Class weight balanced Balanced 
Number of estimators 100,000 100,000 

Metric Binary log loss Binary log loss 
Objective Binary Binary 

Depth 20 20 
Minimum data in leaf 10 10, 20, 30 

Learning rate 0.15 0.05, 0.08, 0.10, 0.15 
Early stopping rounds 10 3, 5, 10 

Optimal parameters of model. 

3.2. Test Sets 

The metric used to estimate the model strength and model is the F1-score [49] of the PFAS class, which is 
used over other scores as it manages class imbalance well. Further metrics are reported, these are the macro F1-
score, Balanced accuracy, Precision, and Recall. The metrics are further distinguished by adding a weight factor: 
The first is by spectra, meaning that each distinct spectrum has equal weight. This is because some PFAS-related 
spectra were duplicated to create more variance in the synthetic measured m/z measurement. The other is by 
SMILES, meaning that each distinct compound has equal weight. This was done as some compounds had hundreds 
of spectra for their representation, while others had very few, and this could bias the results. 

As estimated via CV, the optimized models have an F1 macro score of 0.843 (by spectrum) or 0.928 (by 
compound). Tables 6–8 are the results from the test sets. 

Test set results 
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Table 6. Overall results of the test set: F1 Macro, Precision, Balanced Accuracy, and Macro Precision-Recall Area 
Under the Curve. Values are reported as mean ± half-width of the 95% confidence interval, estimated by percentile 
bootstrap (2000 resamples of the test set). 

 F1 Macro Macro Precision Bal. Acc Macro PR-AUC 
By Spectrum 0.843 ± 0.009 0.912 ± 0.010 0.795 ± 0.010 0.859 ± 0.009 

By Compound 0.928 ± 0.021 0.964 ± 0.020 0.897 ± 0.030 0.956 ± 0.017 
Overall 

Table 7. Binary confusion matrix and performance metrics for the test set, using the following abbreviations: TP 
(True Positive), FP (False Positive), FN (False Negative), TN (True Negative), Prec (Precision), Rec (Recall), and 
PR-AUC (Precision-Recall Area Under the Curve). Besides for TP, FP, FN, and TN, values are reported as mean 
± half-width of the 95% confidence interval, estimated by percentile bootstrap (2000 resamples of the test set). 

By Spectrum Prec Rec F1 PR-AUC TP FP FN TN 
Not PFAS-related 0.982 ± 0.001 0.995 ± 0.001 0.989 ± 0.001 0.996 ± 0.001 45,563 826 227 1215 

PFAS-related 0.843 ± 0.019 0.595 ± 0.021 0.698 ± 0.017 0.722 ± 0.018 1215 227 826 45,563 
By Compound Prec Rec F1 PR-AUC TP FP FN TN 

Not PFAS-related 0.993 ± 0.002 0.998 ± 0.001 0.996 ± 0.001 1.000 ± 0.000 5396 36 10 141 
PFAS-related 0.934 ± 0.040 0.797 ± 0.060 0.860 ± 0.040 0.913 ± 0.034 141 10 36 5396 

By binomial Classes. 

The model-predicted probabilities reported in Table 8 are valid within this evaluation context, where the class 
prior is fixed. However, when applied to new environmental samples where the class distribution will differ, the 
output should be interpreted as a prioritization score rather than a calibrated probability. 

Table 8. Test set metrics for distinct PFAS-related classes. Columns show count, correct predictions, average 
model-predicted probability, and recall for both spectrum-level and compound-level evaluation. 

Class Spectra 
Count 

Spectra 
Correctly 
Classified 

Spectra 
Average PFAS 

Probability 
Reported 

Spectra 
Recall 

Compound 
Count 

Compound 
Correctly 
Classified 

Compound 
Average PFAS 

Probability 
Reported 

Compound 
Recall 

Not PFAS 
Related 45,790 45,563 0.022 0.995 5406 5396 0.017 0.998 

Side-chain 
aromatics 941 530 0.570 0.563 69 49 0.690 0.710 

PFAS 
derivatives 685 317 0.486 0.463 54 40 0.671 0.741 

PFAAs 232 221 0.939 0.953 31 31 0.958 1.000 
Fluorotelomer 

PFAA 
precursors 

121 85 0.674 0.702 13 11 0.741 0.846 

Other aliphatics 28 28 0.847 1.000 5 5 0.886 1.000 
FASA based 

PFAA 
precursors 

26 26 0.968 1.000 4 4 0.976 1.000 

Perfluoro PFAA 
precursors 8 8 1.000 1.000 1 1 1.000 1.000 

Results by distinct classes. 

3.3. External Test Set 

3.3.1. Positive Samples 

The model was further tested with an external test set. It is important to note that the model is not comparing 
with true PFAS compounds but with compounds identified on the Charbonnet Identification Level as PFAS. Thus, 
the higher the Charbonnet identification level is, the less likely the compound identified is a PFAS compound. The 
external test set overview can be observed in Table 9. For evaluation purposes, only spectra with a Charbonnet 
Identification Level of 1a and 1b are used and can be observed in Figure 3. The results of the remaining spectra 
can be observed in Tables S1 and S2. 
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Table 9. External test set results per Charbonnet identification level, along with recall statistic per identification 
Confidence level. 

Charbonnet Identification Level PFAS Reported PFAS Detected Recall 
1a 12 11 0.92 
1b 1 1 1 

External test set confidence level statistics. 

3.3.2. External Test Set Class Statistics 

Of the 13 compounds with confidence from 1a to 1b, 11 were detected as PFAS. Of the 12 compounds 
suspected as PFAS-related, all were detected as PFAS-related. All the three new structures were detected as PFAS-
related with a high level of confidence (Figure 3; see Table S1 for suspected and new structure compounds). The 
unknown list, that had a confidence level ranging from 4 to 5b had 6 that suggested were PFAS-related, and 22 
that it suggested were not PFAS-related (Table S2). 

 

Figure 3. External test set results of confirmed PFAS compounds (Charbonnet confidence 1a–1b), with 
identification confidence, RT, KMD, Library/Suspect acronyms, and fragments reported. (Results of external test 
set of PFAS Spectra). 

Suspected and potential PFAS compounds are reported in Tables S1 and S2 of the Supporting Information. 

3.3.3. Negative Samples 

The algorithm was used to process the non-PFAS compounds of the external dataset. Of the 73 compounds, 
71 were identified as not being PFAS. The two remaining compounds were further evaluated by an independent 
analyst, one is deemed to be highly likely to be a PFAS and the other also had the potential to be a PFAS. However, 
because this was initially identified by the model, changing the results of these for the evaluation would create 
data leakage and bias and thus will be considered as a True negative in the evaluation of the model. 

3.3.4. External Test Set Statistics 

The 13 compounds with a confidence of 1b or higher on the Charbonnet scale were selected as PFAS-related 
spectra. The 73 compounds that were independently screened are used as non-PFAS-related spectra. These spectra 
were then evaluated by the model, see Table 10 for results: 

Blood 
Sample

Serum 
Sample

Feature 
m/z

MS2 fragments detected Charbonnet 
Identification 
Level

Model 
Predicted 
probability

PFAS related
  248.9461 Very low intensity 1a 0.165
  298.9427 63.9624, 77.9654, 118.9921, 218.9820, 297.9606 1a 0.281
  348.9396 79.9566, 98.9557, 348.9388 1a 0.522
  397.9525 77.9653, 397. 9525 1a 0.848

  398.9357
79.9570, 98.9556, 118.9925, 168.9888, 229.9479, 
398.9356 1a 0.862

  412.9667 79.9582, 98.9560, 168.9904 1a 0.981
  448.9334 79.9569, 98.9555, 118.9921, 168.9884, 229.9454, 1a 0.992
  462.9632 118.9919, 168.9893, 218.9853, 268.9810, 418.9727 1a 0.975

  498.9302
79.9578, 98.9561, 118.9939, 168.9939, 218.9855, 
418.9730, 462.9654 1a 0.990

  512.9601
118.9924, 168.9898, 218.9857, 268.9826, 318.9799, 
468.9681 1a 0.968

  548.9270
79.9574, 98.9565, 129.9532, 179.9506, 229.9474, 
279.9445, 329.9411, 429.9436 1a 0.902

  562.9565
118.9922, 168.9891, 218.9856, 268.9825, 318.9825, 
418.9783, 518.9665 1a 0.975

  514.9001
79.9571, 98.9554, 134.9867, 184.9829, 168.9827, 
279.9459 1b 0.760

New structures
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Table 10. Confusion matrix of the external test set and Precision, Recall, and F1 score of PFAS-Related class and 
Not PFAS-Related class. Where “TP” are PFAS correctly identified, “FP” are not PFAS compounds wrongly 
identified as PFAS, “FN” are PFAS compounds wrongly identified as not PFAS compounds, and lastly, “TN” are 
not PFAS compounds correctly identified. 

Precision, Recall and F1 Results of Classes 
 TP FP FN TN Precision Recall F1 

PFAS-Related 11 2 2 71 0.846 0.846 0.846 
Not PFAS-related 71 2 2 11 0.973 0.973 0.973 

External test set statistics. 

3.4. Model Investigation 

3.4.1. PFAS Model-Predicted Probability by Compounds 

Figure 4 illustrates the reported PFAS model-predicted probability by compound of the model’s test set. It is 
important to note that the y axis is scaled logarithmically. The majority of non-PFAS compounds are correctly 
identified as being not PFAS with a very high degree of confidence. The same can be said for PFAS-related 
compounds but to a lesser extent. It is also evident that the model struggles more with properly identifying some 
PFAS-related compounds. This is also reflected in Table 8, Figures S5 and S6, which suggests that most of the 
PFAS compounds that have a low model-predicted probability score come from “side-chain aromatics”, 
“derivatives”, and “fluorotelomer PFAA precursors”. It is also verified that all PFAS that were not detected come 
from these three classes. The reported PFAS model-predicted probability by Spectra can be observed in Figures 
S4 and S5. 

 

Figure 4. Histogram of the Test set model reported probabilities of classes per compounds. Bins are of size 0.025. 

3.4.2. Input Variable Comparison 

The input variables importance (Figure 5, Figure S7) provides insight into what the model is doing. It was 
expected that the gain of the KMD of CF, CF2, C2F4O, CF2O, C2H2F2, and C3F6O values would have more 
importance compared to the rest of the input variables given that PFAS have CF2 as repeating unit. However, the 
KMD of CH, CCI, CN, and CS are more important for the model. It is suspected that this is because these KMD 
values easily rule out a spectra of being a PFAS. 
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Figure 5. Top 15 important Input variables by Gain of the model. The y axis of the gain is the percentage of each 
input variable gain relative of the total gain, where gain is the reduction in training loss that results from adding a 
split point. The input variables are color coded according to the legend. The x axis ordered by starting with the most 
important input variable, and sequentially adding the next most important input variables. The model has 2137 
distinct input variables to select from. The input variables vary from the differing KMD values, and the fragment 
(neutral losses and fragments) bins. 

3.4.3. Sample Trees 

The first four trees were investigated to gain further insight in how the model is making its decisions. Typically, 
in a gradient boosted model, the first trees have a higher impact on the overall model’s performance as the subsequent 
trees are built upon the earlier trees. This can be seen as each subsequent tree has less gain from the former one, and 
the leaf values have less weight (see “Gain Values” and “leaf Value” in legend in Figures S8–S13). 

4. Discussion 

4.1. Plots 

4.1.1. Histogram Plots 

The histogram plots (Figure 4, Figure S4) show the test set distributions of the model’s reported PFAS-related 
probabilities separated by PFAS-related and not PFAS-related classes. On both classes, the distribution seems to 
be highly skewed (when considering the vertical axis is scaled logarithmically) to the right for non-PFAS-related 
spectra and left for PFAS-related spectra, thus the model is confident in most of its predictions. When comparing 
the model-predicted probability distributions by compounds to those by spectrum, we see that using compounds 
as explanatory variables provides much better separation between the PFAS-related and not PFAS-related classes. 

4.1.2. Tree Investigation 

Although the trees individually are easy to follow, the overall model is hard to interpret accurately. It is 
noticeable from the four example trees that the model is leveraging the input variables in a complex way. 
Furthermore, the trees make use of many distinct input variables and given that the top 15 input variables only 
account for approximately 73% of the total model gain (see Figure 5). The top 86 input variables account for 90% 
of the model gain and are used often well down each tree. This illustrates that the model makes effective use of 
multiple input variables. 
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4.2. Model 

4.2.1. Usage and Comparison 

For PFAS specific experiments that are DDA and that have three or more experimental blanks, FluoroMatch2 
has strong advantages over PFAS Prophet, namely that FluoroMatch2 is much more informative about the matches 
it finds such as being able to annotate the confidence using the Schymanski scale [50]. PFAScreen also requires 
specific pre-processing conditions, such as DDA, centroided spectra, and one collision energy source. By design, 
PFAS Prophet does not process HRMS files, it uses the Separation of Concerns (SoC) principle. It can however 
process the data from algorithms which are specifically made to process HRMS files, such as the CompCreate [37] 
algorithm which can process both DIA and DDA from mzXML data. By using the SoC principle, CompCreate 
can process any type of vendor file as the msConvert [51] algorithm is able to convert any vendor file to the 
mzXML format. More recently, Meekel et al. [52] demonstrated a conceptually related strategy of using machine 
learning on MS/MS spectra to prioritize non-target features carrying structural alerts for potential hazard, with 
models trained on raw fragments and neutral losses and evaluated on aromatic amines and organophosphorus 
moieties, reporting recall values of 0.65 for organophosphorus structural alerts and 0.58 for aromatic amines on 
their test set. PFAS Prophet shares the broader objective of using ML on HRMS data to prioritize features of 
concern, but differs in target chemistry (PFAS-related compounds rather than structural-alert classes), in input 
representation (componentized MS1/MS2 features from SAFD and CompCreate rather than raw fragments and 
neutral losses), and in compatibility with both DDA and DIA acquisition modes. 

4.2.2. Model Performance 

The model has very differing performances depending on the class of PFAS it is detecting. It is particularly 
strong at detecting PFAAs, other aliphatics, FASA based PFAA precursors, and perfluoro PFAA precursors. When 
grouped by compound, these classes showed a perfect recall and very high model-predicted probability. It is 
important to note that both FASA based PFAA precursors and perfluoro PFAA precursors have only 4 and 1 
compounds respectively for representation. The model struggled with both PFAS derivatives and side-chain 
aromatics, it was only able to achieve a spectral recall of 0.463 and 0.563 respectively, and a compound Recall of 
0.741 and 0.710 respectively. Of the 5406 distinct non-PFAS-related compounds, only 10 non-PFAS were 
identified as PFAS-related, which represents a 99.8% accuracy. However, there are 36 PFAS (20 Side-chain 
aromatics, 14 PFAS derivatives, and 2 Fluorotelomer PFAA precursors) that were not correctly identified. 

The model seems to perform better when comparing per compound results to per spectra results. This is mainly 
due to many of the spectra being misclassified are often the minority of a compound and likely have had a higher 
error term associated. There are 79 PFAS compound that had at least one spectrum misclassified, of those, 43 of these 
were identified as PFAS compounds. There were 153 FN spectra that ended up belonging to a compound that was 
identified correctly, and 117 TP spectra that ended up belonging to a compound that was misidentified. 

Because PFAS are known to have common characteristic fragments [53], it is suspected that the model would 
depend on these for its predictions. The model was able to detect PFAA compounds with high recall and high 
model-predicted probability. It is suspected that PFAA compounds would produce common characteristic 
fragments which would make it easier for the model to identify these fragments of interest, however, the model 
detected compounds such as side-chain aromatics, PFAS derivatives, and fluorotelomer PFAA precursors with 
low recall and low reported probability, it is suspected that these compounds fragment in a more unpredictable 
pattern, thus making it harder for the model to discriminate these between PFAS-related spectra, and non-PFAS-
related spectra. Furthermore, PFAS derivatives can contain spectra which are not considered PFAS. Some of these 
spectra can come from compounds which contain two or fewer fluorine. 

Observing the input variable importance (see Figure 5 and Figure S7), the KMD whose repeating units have 
fluorine in them discriminate better than those that do not, and 4 distinct fragment bins are held at higher 
importance than the KMD with CF2 as a repeating unit. 

4.2.3. External Test Set 

When observing the F1 score, the model performs better at identifying PFAS-related compounds on the 
external test set compared to the database test set, and slightly worse at identifying not PFAS-related compounds. 
This is likely because the measured m/z of the external test set have less error compared to the CV test set. Another 
factor could be that the PFAS compounds in the external test set may have differed in distribution from those in 
the database test set. Specifically, the external test set might have had a lower proportion of PFAS derivatives or 
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side-chain aromatics, which are classes the model struggled with the most. This difference in compound 
composition could explain the model performance on the external test set. 

A discussion of the input variables can be found in Text S7. 

4.3. Limitations 

4.3.1. Model Usage 

It is crucial to understand that while the model outputs the predicted probability of a class based on the given 
data, this shouldn’t be directly interpreted as such when operational. The distribution of the data used to train the 
model will inevitably differ, and sometimes significantly, from the distribution of the data in each sample. Hence, 
it is more appropriate to view the model’s output as a score indicating the likelihood that a compound is PFAS-
related or not. 

Additionally, given that the model used a balanced class weight (giving it a 50/50 prior distribution), the 
model will inherently exhibit a bias towards identifying PFAS-related compounds that are more like those it 
encountered during training. Another limitation of the model, common to complex ML models, is its limited 
interpretability. Understanding precisely why the model makes a particular decision is highly challenging, 
However, models such as gradient boosting do allow one to quantify the relative importance of the various input 
variables in distinguishing between the classes, as seen in Figure 5, and Figure S7. 

4.3.2. Omission of Retention Time 

Retention index and retention time were not considered as input parameters as the database did not have any 
retention information. Furthermore, retention time is experiment dependent, and thus the parameter is not 
generalizable [54]. Retention indices could be considered, but these were also not reported. 

4.3.3. Data Sparsity 

Several challenges had to be met to develop a successful model. The main one was data sparsity. After 
removing the unusable data (~27% of the original data), only 2041 out of 47,831 were PFAS-related. Additionally, 
there are 5583 distinct compounds, with only 177 of them being related to PFAS, and most of these belong to 3 
sub-classes (side-chain aromatics, PFAS derivatives and PFAAs) with 20 belonging to the other 4 sub-classes 
(fluorotelomer PFAA precursors, other aliphatics, FASA based PFAA precursors, perfluoro PFAA precursors). 
The limited representation of PFAS-related compounds and classes is potentially the biggest constraint as the aim 
of the model is to develop a generalized algorithm applicable for all PFAS-related compounds. 

4.3.4. Data Quality 

Our aim in gathering data for training the model was to replicate the range of entries the model could 
encounter from NTA data. The MassBank repository data is of varying quality. For example, not all characteristics 
of spectra are recorded (e.g., Resolution), and some spectra are of differing resolution and acquired under different 
conditions, and many entries contain noise incorrectly recorded as reference spectra. For this, the data underwent 
some certain transformations to approximate what could be found from componentization of HRMS data. However, 
certain segments of the database may still deviate from authentic data representation. Striking a balance between 
data integrity and quality is essential: excluding all non-suitable entries would yield insufficient training data, 
while retaining too many could introduce superfluous noise or induce erroneous model expectations. The 
limitations of data quality are further discussed in Text S8. 

The limitations regarding the synthetic measured m/z, the fixed resolution, the bin width, and training the 
model is further discussed in Text S9. 

4.4. Potential Future Development 

4.4.1. Data Quality and Quantity 

For its datasets, the model had access to only 177 distinct PFAS compounds, representing approximately 
0.0025% of known and theoretical PFAS. These compounds belonged to seven distinct classes and 25 subclasses, 
whereas the PFAS-map algorithm encompasses nine classes and 45 subclasses. Moreover, the model only had 
access to theoretical measurements of the parent ion, faced inconsistencies in resolution between the parent 
compounds and fragments, and encountered many non-curated spectra. 
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Despite these constraints, the model demonstrated significant efficacy when tested against actual data. It is 
suspected that more and better-quality data could deliver better results if retrained in this above but also allow for 
the inclusion of additional input variables such as compound m/z which could further benefit the algorithm. 

4.4.2. Generalizability 

Currently, the model functions solely as a binary classifier due to the sparse nature of the PFAS data. However, 
with an adequate abundance of PFAS spectra, there is potential to transform the model into a multi-class classifier, 
in order to know the subclass of the detected PFAS-related compound. 

Furthermore, the model’s preparation process could be replicated to classify other types of chemicals of 
emerging concern, such as bisphenols, phthalates and halogenated flame retardants. Although the data source 
would likely remain similar, optimizing certain model parameters and data parameters is necessary to adapt to the 
characteristics of the new chemical classes. 

Further potential future development is discussed in Text S10. 

Supplementary Materials 

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/2608101 
439400753/ECCS-26020125-SI.pdf. Text S1: Synthetic measured m/z of parent ion rational. Text S2: 
Homologous series. Text S3: Oversampling rational. Text S4: Binning Rationale. Text S5: Rational for model 
selection. Text S6: Cross-Validation (CV) Datasets. Text S7: Discussion—Model—Input variable comparisons. 
Text S8: Discussion—Limitations—Data quality. Text S9: Discussion—Limitations—continued. Text S10: 
Discussion—Potential future development—continued. Figure S1: Histogram of compound m/z per class, grouped 
by specific PFAS classes and non-PFAS class, after removal of suspected low-quality spectra. Figure S2: 
Histogram of the collection of fragments and losses of the dataset, grouped by specific PFAS classes and non-
PFAS class, after removal of suspected low-quality spectra and removal of fragments which do not appear in any 
PFAS spectra. Figure S3: Histogram of compound m/z per binomial class, grouped by PFAS and non-PFAS class, 
after removal of suspected low-quality spectra. Figure S4: Histogram of the Test set model reported probabilities 
of classes per spectrum. Bins are of size 0.025. Figure S5: Histogram of the spectrum Test set model reported 
probabilities by Class. Bins are of size 0.1. Figure S6: Histogram of the Compounds Test set model reported 
probabilities by Class. Bins are of size of 0.1. Figure S7: Top 15 important input variables by split of the model. 
The y scale of the split count is the percentage of each input split relative of the total split. Figure S8: part 1 of first 
tree of the model. As this is the first tree of the ensemble, the further a node is away from the root node, the more 
its value tend to differs from the root node. Another aspect is that it is setting a baseline, it is the only tree whose 
root node value is other than 0. Figure S9: second Tree, this tree compared to the first makes more discerning 
decisions on which spectrum is a PFAS and which isn't as it has negative values on its leaves. Figure S10: Third 
Tree. Figure S11: part one of the fourth tree. Table S1: External test set results of suspected PFAS spectra with 
identification confidence, RT, KMD, Library/Suspect acronyms, and fragments reported. Table S2: External test 
set results of potential PFAS compounds with low identification confidence. Identification confidence, RT, KMD, 
Library/Suspect acronyms, and fragments reported. References [55–63] have been cited in the Supplementary 
Materials. 
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Glossary of Terms, Abbreviations, and Symbols 

Abbreviations 

Abbreviation Definition 
AFFF Aqueous Film Forming Foam 
CV Cross-Validation 
DDA Data Dependent Acquisition 
DIA Data Independent Acquisition 
ESI Electrospray Ionisation 
F1 score Harmonic mean of precision and recall 
FASA Fluorotelomer Alkyl Sulfonamides 
FN False Negative 
FP False Positive 
FWHM Full Width at Half Maximum 
HRMS High-Resolution Mass Spectrometry 
KM Kendrick Mass 
KMD Kendrick Mass Defect 
ML Machine Learning 
MM Measured Mass 
MS1 First Stage of Mass Spectrometry 
MS2 Second Stage of Mass Spectrometry 
mzXML Open file format for storing and exchanging mass spectrometry data 
NTA Non-Target Analysis 
NTS Non-Targeted Screening 
OECD Organisation for Economic Co-operation and Development 
PFAA Perfluoroalkyl Acids 
PFAS Per- and Polyfluoroalkyl Substances 
PFOA Perfluorooctanoic Acid 
PFOS Perfluorooctane Sulfonic Acid 
PR-AUC Precision-Recall Area Under the Curve 
QTOF Quadrupole Time-of-Flight 
SAFD Self-Adjusting Feature Detection 
SMILES Simplified Molecular Input Line Entry System 
SoC Separation of Concerns 
SWATH Sequential Window Acquisition of all Theoretical Ion Spectra 
TN True Negative 
TP True Positive 
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Glossary of Terms 
Term Definition 
Feature A signal from a HRMS chromatogram 
MassBank Public repository of mass spectra 
Spectrum In mass spectrometry, the chemical information in terms of m/z, intensity, and fragmentation of a single ion 

Symbols 
Symbol Definition 
C Repeating unit compound mass 
Da Unit of mass 
em Synthetic measured mass 
p Proton mass 
σ Standard deviation 
𝒩𝒩 Gaussian Distribution 
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