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ARTICLE INFO ABSTRACT

Keywords: Condensed Phase-Membrane Introduction Mass Spectrometry (CP-MIMS) is a sustainable and highly versatile
Condensed Phase Membrane Introduction Mass approach within the framework of Direct Mass Spectrometry techniques, which enables real-time determination
(Sgpse;l;rometry of target analytes by integrating sampling, purification, and mass-spectrometric analysis into a single step. Liquid

or slurry samples are directly coupled to a mass spectrometer through a semipermeable membrane, with
transport of analytes governed by their physicochemical and structural properties. At present, experimental
testing is often required to determine whether a compound is suitable for CP-MIMS analysis, limiting the scal-
ability of this approach. To overcome this limitation, computational strategies, such as Quantitative Structure-
Property Relationship (QSPR), offer the possibility to rationalize and predict analyte behavior at the mem-
brane interface, enabling a rapid recognition of permeant compounds.

We developed a QSPR classifier to predict whether a compound can permeate a polydimethylsiloxane
membrane in the CP-MIMS system by using machine learning methods to relate molecular structural features to
physicochemical properties. To improve robustness, the literature derived training set was expanded through
experimental measurements and similarity searches in large molecular databases. The resulting model achieved
high sensitivity and specificity in large-scale external validation. Experimental testing of QSPR-predicted per-
meant candidates confirmed the reliability of the model predictions. Moreover, a further experimental evaluation
was performed on environmentally relevant contaminants under CP-MIMS conditions.

The proposed QSPR framework provides a reliable and automated in-silico tool for pre-screening of permeant
analytes, supporting more efficient method development and improved sustainability for advancing CP-MIMS
applications in several fields.

Classification modeling
Molecular similarity
PDMS permeability

1. Introduction

In an era of increasing automation, there is a growing demand for
analytical methodologies capable of detecting target analytes with
minimal sample preparation and no need for extensive laboratory pro-
cedures, especially in complex matrices. Direct Mass Spectrometry
(DMS) techniques have experienced rapid development due to their
versatility across a wide range of sample types, streamlined workflows,
and suitability for high throughput applications [1-3]. DMS techniques
enable real-time analysis while fulfilling many principles of green
chemistry since they eliminate extensive sample preparation procedures
and avoid the use of large volume solvents and consumables.

Among DMS strategies, Condensed Phase-Membrane Introduction
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Mass Spectrometry (CP-MIMS) is a well-established technique that en-
ables real-time determination and quantification of target analytes by
integrating sampling, purification, and mass-spectrometric analysis into
a single step [4]. It allows connecting liquid or slurry samples directly to
a mass spectrometer (MS) through a semipermeable membrane Analytes
that permeate the membrane are transported to the MS ion source, for
subsequent detection, via a continuous flow of an organic solvent
serving as the acceptor phase (AP). AP is commonly driven by a liquid
chromatography (LC) pump, and it flows continuously through the
lumen of a capillary hollow-fiber membrane (HFM), which is immersed
in the sample matrix (donor phase). Generally, a polydimethylsiloxane
membrane (PDMS) is employed, allowing permeation of neutral, hy-
drophobic analytes.
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The main strength of CP-MIMS lies in the ability of the PDMS
membrane to act as a barrier against matrix interferences, including
ions, salts, and particulate matter [5]. This characteristic enables min-
imal or no sample preparation steps allowing fast and on-line determi-
nation. Moreover, CP-MIMS allows the possibility to adjust and monitor
on the fly the donor phase pH. Vandergrift and co-workers [6] proposed
a modified CP-MIMS approach that employs polymer inclusion mem-
brane (PIM) systems: introducing a small percentage of a linear alkane
as cosolvent (i.e., heptane) in a methanolic AP together with a PDMS
membrane creates an in-situ PIM. This configuration decreases response
times and enhances sensitivity, as the diffusivity and membrane parti-
tioning of the analytes are improved. It offers efficient screening across a
wide range of compound classes in challenging matrices such as soils, oil
sands process water, wastewater, seawater, groundwater, and effluents
from hydrocarbon extraction while simultaneously enabling direct and
cost-effective quantification [7-10]. The implementation of real-time
monitoring for chemical reactions [11], microplastic-contaminant
sorption [12], and the contaminant migration from food contact mate-
rials [13] has considerably shortened the overall laboratory duty cycle,
enabling precise quantification of target analytes within a single-step
analytical process. Moreover, the technique allows a fine tuning of
several parameters, including real-time adjustment of the donor phase
pH and the selection of membrane-compatible acceptor solvents,
thereby preserving membrane integrity and facilitating the attainment
of low detection limits [5].

Several publications provide comprehensive discussions on the
fundamental concepts and operational aspects of CP-MIMS technique
[14-16]. The process by which analytes migrate through the membrane
is mainly controlled by Fick’s diffusion law and is proportional to the
product of the partitioning coefficient (K) of a permeant into the
membrane and its diffusivity (D) through the membrane media. A cen-
tral mechanistic feature of CP-MIMS is that the analytical response time
(t10%-90%) reflects the kinetics of analyte diffusion through the mem-
brane. For PDMS membranes, which are the most common ones, more
hydrophobic compounds that have a small hydrodynamic volume tend
to permeate more efficiently [17,18]. Consequently, membrane trans-
port represents a built-in selectivity mechanism, conferring partial an-
alyte discrimination prior to ionization. However, this same dependence
introduces variability: not all compounds are equally suited to CP-MIMS,
and predicting permeability a priori remains challenging. Hence, the
efficiency of CP-MIMS depends critically on the permeability of analytes
across the membrane interface, which is governed by their physico-
chemical and structural properties.

At present, experimental testing is often required to determine
whether a given compound or class of compounds is suitable to CP-
MIMS analysis, limiting the scalability of the approach. To overcome
this limitation, Quantitative Structure-Property Relationship (QSPR)
modeling can provide a powerful computational strategy to rationalize
and predict analyte behavior at the membrane interface. QSPR has
extensive applications in the field of analytical chemistry, in particular
to predict the analyte behavior in different chromatographic systems
[19]. It relies on the principle that analytical properties are influenced
by molecular structure features, which can be encoded into
chemical-structural descriptors and modelled by machine learning
methods [20]. If QSPR modeling is sufficiently accurate, it can be used to
provide reliable predictions for untested chemicals. The rationale for
this approach stems from established knowledge that membrane
permeability is governed by several physicochemical and structural
parameters, such as molecular weight, hydrodynamic volume, lip-
ophilicity, functional groups capable of hydrogen bonding, and polarity.
Recent studies by Duncan and Maguire et al. [18,21] combined CP-MIMS
and QSPR to predict octanol-water partition coefficients of series of
compounds, such as naphthenic acids or 6PPD-quinone and its structural
related analogues.

In this study, we use QSPR to directly predict the capability of ana-
lytes to permeate across the membrane interface from the knowledge of
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their chemical-structure features. Establishing of such an approach is
critical for extending the operational scope of DMS beyond its current
boundaries. We addressed this challenge by designing an automated
QSPR-based screening pipeline aimed at the rapid recognition of com-
pounds potentially suitable for analysis with the CP-MIMS system.

2. Materials and methods
2.1. Reagents and chemicals

A detailed description of the chemicals, and the concentrations of the
stock solutions is provided in Table S1 of the Supplementary Material.
Acetonitrile (ACN), heptane, acetone, and methanol (MeOH) were LC-
MS grade (purity >99%) and purchased from Merck (Milan, Italy). Ul-
trapure water was dispensed by a Milli-Q Integral 5 purification system
(Merck, Italy). All stock solutions for each analyte were prepared
gravimetrically. Stock solutions of theobromine, tadalafil, and trifluralin
were prepared in ACN; diclofenac sodium salt in Milli-Q water; carba-
mazepine in a 60:40 ACN:H20 (v:v); dibenzothiophene and 3-bromo-
fluoranthene in acetone, and the remaining compounds were dissolved
in MeOH.

2.2. CP-MIMS analysis

CP-MIMS measurements were performed using an LCMS-2010 sys-
tem (Shimadzu, Japan), equipped with a binary pump, an SPD-M40
photodiode array (PDA) detector, an RF-20A fluorescence (FL) detec-
tor, and a single quadrupole mass spectrometer with an electrospray
ionization (ESI) interface. The acceptor phase (AP),at a composition of
15%:85% (v:v) heptane in methanol, was delivered at 50 yL/min. A
short C18 LC column (5 cm x 2.1 mm x 5 um, Restek, Germany) was
positioned upstream of the CP-MIMS probe to ensure stable back-
pressure. The probe was constructed from 2 cm length (exposed to the
donor phase) of PDMS hollow fiber membrane (HFM, 170 pm thickness,
0.64 mm o.d., 0.30 mm i.d.; VWR, Italy) mounted on a ‘U-Probe’
interface, as described elsewhere. The PDA and FL detectors were con-
nected in-line upstream of the mass spectrometer to enable simultaneous
spectrophotometric and mass spectrometric monitoring of the permeant
compounds. This set-up allows detection of all analytes capable of
permeating, including those with poor ionization efficiency in the ESI
interface. The PDA acquisition was set at 210-720 nm; fluorescence
detection used excitation and emission ranges of 280-330 nm and
350-450 nm, respectively. MS parameters were optimized in flow in-
jection analysis (FIA), injecting 2 pL of working standard solutions at 2
ng/uL in full SCAN mode, at a flow rate of 200 uL/min. The ESI source
was operated in positive or negative ion mode depending on the ioni-
zation behavior of each compound. Instrumental parameters including
detector voltage (0.5-3 kV), nebulizing N2 flow (0.5-1.5 L/min), Curved
Desolvation Line (CDL) temperature, and interface voltage were sys-
tematically varied, while the Heat Block (HB) temperature was main-
tained at 200°C. Optimized conditions for each analyte in negative
(ESI") and positive (ESI*) modes are summarized in Tables S1 of the
Supplementary Material. Data acquisition of CP-MIMS experiments was
performed in SIM mode, monitoring the protonated or deprotonated
molecular ion.

For the experimental workflow, CP-MIMS probe was immersed in a
20 mL vial containing 15 mL ultrapure water (donor phase), stirred at
400 rpm with a magnetic stir bar (VELP Scientifica, Monza-Brianza,
Italy) to maintain homogeneous mixing. The signal background in ul-
trapure water was acquired until stabilization (ca. 1-3 min), then, a
defined volume of analyte stock solution was spiked into the donor
phase using a mechanical micropipette. Table S1 of the Supplementary
Material summarizes the analytical conditions for the aqueous donor
phase, with basic and acidic water was adjusted to pH 8.8 and 2.7,
respectively (Mettler Toledo pH meter, Mettler, Italy), to ensure charge-
neutral analytes. The fortification volumes used for each compound
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were also specified. On each analysis day, system performance was
verified by fortifying 15 mL of ultrapure water with 30 pL of a stock
solution of chlorobenzene, used as model compound, at a concentration
of 500 ng/uL in acetone. This procedure ensures the absence of instru-
mental issues or membrane-related anomalies. Due to the negligible
ionization in ESI of chlorobenzene, its signal was acquired with the PDA
detector, monitoring the 270 nm wavelength.

2.3. CP-MIMS signal processing

Since CP-MIMS does not involve chromatographic separation, its
output is a chronogram. The onset of permeation was detected as the
rising signal front, typically occurring between 0.1 and 6 min depending
on the analyte. Once steady state was achieved, the signal was recorded
for 2-4 min before the fortified donor phase vial was replaced with a vial
containing fresh solvent (ACN, MeOH, or H»0:MeOH 50:50 (v:v)) to
wash out the analyte and re-establish the background level.

Parameter calculations were carried out as follows: the steady state
signal (T’s[mdy) was obtained by averaging 60 s of the maximum reached
signal after donor phase fortification. The background signal (Y,) was
calculated by averaging the signal in a time range of 60 s after the
complete equilibration of the membrane within the aqueous donor
phase. Each analyte was tested in triplicate to evaluate repeatability.
The results obtained for each tested compound were reported in
Table S2 of the Supplementary Material. The time dependent signal Y(t)
was normalized to the 0-100 scale using the following equation:

Y = X0 =Y 109 o)
Yxteady - YO

The signal response time (t;g9-90%) was defined as the interval
required for the normalized signal Y’(t) to increase from 10% to 90% of
its steady-state intensity once the membrane was exposed to donor
phase containing the analyte.

To facilitate signal managing, a dedicated MATLAB application with
a graphical user interface was previously created and it can be freely
downloaded from the Milano Chemometrics and QSAR Research Group
website [22]. Given that the aim of this study was not quantitative
determination but rather to identify which compounds could permeate
the membrane, we considered as permeant (positive) only the molecules
whose average steady-state signal was higher than the average back-
ground signal plus three times its standard deviation, otherwise they
were classified as non-permeant (negative).

2.4. In-silico modelling

2.4.1. Data setup and curation

The dataset was initially built by collecting permeability data from
the literature on CP-MIMS applications [6-9,11,12,17,18,23-33],
resulting in a total of 82 compounds with 81 permeant (positive) ana-
lytes and only one non-permeant (negative) analyte. To address the
permeant/non-permeant imbalance, four additional chemicals (i.e.,
resveratrol, theobromine, ivermectin B1, and vitamin K) expected to be
non-permeant were tested; their lack of permeation was experimentally
confirmed and these compounds were added to the negative class.

To further enrich the negative class, a structural similarity search
was performed in the COCONUT (COlleCtion of Open Natural prodUcTs)
database [34] using the five non-permeant compounds as queries.
Compounds with high structural similarity were retrieved and further
filtered using physicochemical criteria related to permeability, yielding
a large set of potential non-permeant chemicals. Following a similar
workflow, an external validation set of likely permeant compounds was
extracted from COCONUT. Literature-derived permeant chemicals were
used as queries to identify structurally similar compounds in the same
database, which were then filtered using property thresholds associated
with high permeability.
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2.4.2. Molecular descriptors

A Quantitative Structure-Property Relationship (QSPR) approach
was used to establish the relationship between chemical-structural fea-
tures and permeability of analytes across the membrane interface. The
chemical structures of the analytes were encoded as SMILES notations
[35], which are symbolic representations of chemicals suitable for
cheminformatics use. From the SMILES, an initial set of 164 molecular
descriptors (MDs) was calculated. These descriptors encoded heteroge-
neous chemical-structural characteristics related to molecular size, ste-
ric hindrance, lipophilicity (commonly expressed by the octanol-water
partition coefficient), the type and occurrence frequency of functional
groups, the ability of hydrogen bonding, and global polarity [36]. In
particular, the following types of molecular descriptors were calculated:
topological indices [37], P_VSA-like descriptors [38], functional group
counts [39], CATS 2D descriptors [40] and constitutional descriptors
[36].

2.4.3. One-class classifier

We used a one-class modelling method [41] to characterize the class
space of permeant (positive) chemicals, which is the target class of in-
terest in this study. An advantage of this classification approach is the
intrinsic definition of the model applicability domain, that is, the region
in the chemical space where predictions can be considered reliable [42].

The classification model was developed by exploiting Potential
Functions (PFs), also known as Kernel Density Estimators [41]. The
classification of a new compound into the positive class is determined by
means of the cumulative potential for the new compound, obtained by
summing up the individual potentials of all positive training analytes,
which decrease with distance from the analyte itself. The decision rule is
based on a potential threshold: the new compound to be predicted is
classified as positive if its cumulative potential is higher than a threshold
defined as the 95" percentile of the potential values of training com-
pounds (0.0145 in this study) [43]. The shape of the potential field
depends on the chosen type of kernel and a smoothing parameter. In this
study, we used the gaussian kernel and a smoothing value equal to 0.4,
which was selected by internal cross-validation based on 5 venetian
blind folds.

In order to select the optimal subset of molecular descriptors that
define the chemical space, we coupled PFs with Genetic Algorithms
(GAs), which is a well-known approach for descriptor selection. Starting
from an initial randomly generated population of binary vectors
encoding the inclusion or exclusion of descriptors (chromosomes), GAs
simulate an evolutionary process aimed at minimizing the classification
error estimated via cross-validation [44]. New chromosomes are
generated through genetic operators such as crossover and mutation
until the final population of chromosomes provides the optimal subset of
molecular descriptors. The GA selection was carried out with a popu-
lation size equal to 50, 10,000 runs, mutation and crossover rates equal
to 0.01 and 0.5, respectively.

2.5. Software

Molecular descriptors were calculated by Dragon 7 software [45].
Classification models based on Potential Functions and Genetic Algo-
rithms were calculated by means of the Classification Toolbox for
MATLAB and in-house MATLAB functions [46]. Data to reproduce the
results of this study are provided in the Table S2 of the Supplementary
Material.

3. Results
3.1. Permeability dataset
3.1.1. Data collection from literature

From previously published CP-MIMS applications reported in Section
2.4.1, a total of 81 permeant (positive) analytes were retrieved along
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with only a single non-permeant (negative) analyte (syringic acid). The
permeant analytes include molecules from diverse chemical classes,
with molecular weights ranging from approximately 90 to 400 Da. The
list of compounds identified from the literature, detailing their names,
CAS identifiers, SMILES notations, literature references and classifica-
tion labels (positive: permeant, negative: non-permeant) is provided in
Table S2 of the Supplementary Material.

3.1.2. Data integration from experiments to support statistical modeling

Since the literature mainly reports chemicals that are able to
permeate, but statistical modelling also requires non-permeant chem-
icals to better learn the relationships between molecular structure fea-
tures and ability to permeate, we experimentally tested the permeability
of four additional chemicals (i.e., resveratrol, theobromine, ivermectin
B,, and vitamin K), which were expected not to permeate according to
expert knowledge.

The experimental results confirmed that the four selected com-
pounds are indeed non-permeant; they were therefore added to the
dataset as negative compounds, together with syringic acid (previously
retrieved from the literature). The negligible permeation of resveratrol is
likely due to the low membrane/water partition coefficient, resulting
from hydrogen-bond donation by the three phenolic hydroxyl groups
and reduced diffusivity within the PDMS membrane. Likewise, theo-
bromine does not permeate through the PDMS membrane. Its polar
xanthine core contains multiple hydrogen-bond donors and acceptors,
leading to poor partitioning into the hydrophobic PDMS matrix.
Consequently, both compounds exhibit negligible permeation in the CP-
MIMS system. Despite their hydrophobicity, ivermectin B+ and vitamin K
do not permeate through PDMS membranes under CP-MIMS conditions.
For ivermectin B4, the main reason can be attributed to its very large
molecular size (MW=875.1 Da) that severely limits diffusion within the
PDMS polymer. The high lipophilicity favors membrane partitioning but
cannot compensate for the extremely low diffusivity, resulting in
negligible steady-state signals, even in the presence of polymer inclusion
membrane formation [6]. Even though Vitamin K is neutral and highly
hydrophobic, its isoprenoid chain and conjugated ring system yield a
very large hydrodynamic volume, leading to poor diffusion in PDMS.
Consequently, both compounds do not exhibit permeation in the PDMS
membrane. The experimental results for the four tested compounds are
provided in Table S2 of the Supplementary Material, along with their
CAS identifiers and SMILES notations.

3.1.3. Data enrichment by similarity search in molecular databases

Although one-class modelling formally relies solely on the positive
class (permeant) to establish the decision boundary, a balanced repre-
sentation of both negative and positive classes is generally preferable, as
it allows a more reliable estimation of the model specificity, that is, the
ability to avoid misclassifying negative chemicals as positive.

To enrich the negative class, we performed a structural similarity
search in the COCONUT (COlleCtion of Open Natural prodUcTs) data-
base [34], using the five available negative compounds as query mole-
cules. The database contains over 400,000 unique chemicals from 52
different sources. Data were initially curated with solvent exclusion, salt
removal and charge neutralization [47]. Moreover, compounds with
SMILES that could not be parsed with RDKIT were removed [48]. The
resulting dataset included 129,869 unique chemicals [47].

We used the SMILES representation of all the 129,869 COCONUT
compounds, as well as for the 5 negative chemicals, to calculate binary
extended connectivity fingerprints (ECFPs, 1024 bits), which provide a
holistic and comprehensive representation of molecular structures [49].
Subsequently, we searched for COCONUT chemicals with
Jaccard-Tanimoto similarity [50,51] coefficient higher than 0.4 with
respect to at least one of the negative compounds: 18,008 chemicals,
structurally-similar to the query non-permeant compounds, were finally
retrieved from the molecular database.

To refine this selection, we next applied a filter based on molecular
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descriptors that are expected to be related with permeability of chem-
icals: molecular weight (MW), Moriguchi octanol-water partition coef-
ficient (MlogP), the number of donor atoms for H-bonds (nHDon) and
the number of acceptor atoms for H-bonds (nHAcc). Following rules
similar to those of Lipinski’s drug-like index that predicts oral
bioavailability of compounds [52], non-permeant chemicals were
screened based on at least one of the following criteria: MW > 500 or
MlogP < 1 or nHDon > 5 or nHAcc > 10. After screening, a total of 9,705
chemicals were retained, which were expected not to be able to
permeate.

In addition, to further assess the model ability to correctly classify
positive (permeant) chemicals, we screened the COCONUT database
again to search for positive compounds likely to be permeant, applying a
workflow similar to the one used to retrieve negative chemicals. This
time, we used the 81 literature-derived positive chemicals as queries and
selected compounds with Jaccard-Tanimoto similarity over ECFPs
greater than 0.4 to at least one positive query, obtaining a set of 34,243
chemicals. Then, to reduce this set of compounds and identify those
more likely to be permeant, we applied the following property filter
[53]: MLOGP > 3 and MW < 300 and nHDon < 3 and nHAcc < 6. Only
the chemicals that satisfied all these criteria (3,955) were finally
selected as the external validation set of positive chemicals.

The procedures for data collection, curation and enrichment are
graphically represented in Fig. 1.

3.2. QSPR modelling

3.2.1. Selection of molecular descriptors and model calculation

The QSPR model to predict permeability from the chemical struc-
tures of compounds was calculated using a dataset comprised of 81
positive (permeant) chemicals, which were found in literature as

Data .
collection CP-MIMS
Testing
1 5 4
non-permeant
Virtual Screening
Molecular
DataBase
Dataset enrichment | 100
i g g g ettt S,
81 105 3955
permeant non—permeant virtual
permeant |
RAINING
: SET 9605
virtual
non-permeant
In-silico
modelling In-silico i
QSPR validation VALIDATION
| model SET
Experimental
validation
Permeabilty 5
i prediction CP-MIMS testing
H
Application to
environmentally PREDICTION 25
relevant compounds SET CP-MIMS testing

Fig. 1. Workflow diagram illustrating the adopted procedures for data collec-
tion, curation and enrichment.
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previously explained, and 105 negative (non-permeant) chemicals (i.e.,
1 compound retrieved from literature, 4 experimentally tested and 100
randomly selected among the 9,705 negative chemicals from COCONUT
database). On this dataset, the one-class classifier based on Potential
Functions (PFs) was then applied to define the positive class decision
boundary.

In addition, PFs were coupled with Genetic Algorithms (GAs) to
select the optimal subset of molecular descriptors. The following 5 de-
scriptors were selected to define the chemical space and build the
classification rule: the superpendentic index (SPI) derived from a
reduced topological distance matrix accounting only for distances of
terminal atoms [54], the P_VSA-like descriptor based on the amount of
van der Waals surface area (P_VSA_p_1) of the atoms with the lowest
polarizability values [38], the number of aromatic hydroxyls (nArOH),
the number of hydrogen bond-acceptor atoms (nHAcc), the CATS2-
D_02_AL descriptor based on the counts of hydrogen bond-acceptor
atoms and lipophilic atom-types at a topological distance of 2 bonds
[40]. The selected molecular descriptors for all the training molecules
are provided in Table S2 of the Supplementary Material.

The QSPR model based on PFs achieved very good accuracy in
classification, with sensitivity (percentage of permeant chemicals
correctly classified) equal to 93.8% and 90.1% in fitting and cross-
validation, respectively, and specificity (% of non-permeant chemicals
correctly classified) equal to 89.5% and 90.5% for both fitting and cross
validation. This indicates the capability of the proposed modelling
strategy to discriminate between chemicals which can permeate or not.
Anyway, we applied further validation strategies to properly evaluate
the predictive capability of PFs, that is, the accuracy when predicting
chemicals which did not participate in the model calibration.

3.2.2. In-silico model validation

In order to further test the model specificity, the proposed QSPR
model was applied to predict the 9,605 negative chemicals from CO-
CONUT database, which were not previously used to train the model.
The outcome of this validation test was more than satisfactory as 98.2%
of chemicals were correctly predicted as negative (non-permeant). In
addition, we assessed on the large set of 3,955 positive COCONUT-
derived chemicals the QSPR ability to correctly classify positive (per-
meant) chemicals in a more robust way than using only the 81 positive
literature-based chemicals. The QSPR model identified 86.8% of these
potentially positive compounds as able to permeate, confirming a
satisfactory predictive capability of the proposed model.

These validation results can be expected to be partially biased from
the similarity search which was used to establish positive and negative
chemicals used for testing; however, we consider these as promising
results to support the quality of the proposed QSPR approach when
predicting new chemicals. Anyway, we further estimated the predictive
capability of the QSPR strategy with experimental testing, as discussed
in the following paragraph.

A summary of statistical performance parameters of the proposed
QSPR model is reported in Table 1.

Fig. 2 graphically represents the degree of separation between per-
meant (blue) and non-permeant (red) compounds in the chemical space
defined by the molecular descriptors used for modelling. Since we

Table 1

Statistical parameters for assessing the performance of the proposed QSPR
classification model. Sensitivity and specificity refer to the percentage of per-
meant and non-permeant chemicals correctly classified, respectively.

number of number of non- sensitivity specificity
permeant (+) permeant (-) (%) (%)
Fitting 81 105 93.8 89.5
Cross- 81 105 90.1 90.5
validation
External 3,955 9,605 86.8 98.2
validation
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employed 5 descriptors, we used Multidimensional Scaling (MDS) [55]
to project compounds in a two-dimensional approximated chemical
space. To calculate MDS coordinates, data were autoscaled and the
Euclidean distance was used as distance metric.

3.2.3. Model validation by experimental testing

Since the 3,955 COCONUT-derived positive analytes were only
selected on the basis of their permeability potential, with no experi-
mental evidence available in the literature, we performed supplemen-
tary experimental trials to further validate the QSPR model.

Among the 100 compounds predicted as permeant with the highest
potential, the following 5 compounds were randomly selected to be
experimentally tested: diphenylamine, dibenzothiophene, 2-amino-3,5-
dibromobenzaldehyde, 3-bromofluoranthene, and cumene.

Pure standards of diphenylamine, dibenzothiophene, 2-amino-3,5-
dibromobenzaldehyde, 3-bromofluoranthene, and cumene were
analyzed via CP-MIMS. Due to their lower ionization efficiency in ESI,
the permeation was measured with the FL detector for all analytes
except for cumene, which was acquired using the PDA detector moni-
toring the 254 nm wavelength. All measurements were carried out
following the conditions described in Section 2.2. Five out of five
compounds were able to permeate, demonstrating the excellent pre-
diction accuracy of the proposed model. The obtained results in terms of
I_Qteady, Yo, t109%.90%, and their relative normalized signal chronograms
are shown in Table 2 and Fig. 3, respectively.

3.3. QSPR prediction of environmentally relevant compounds with
experimental testing

In the last stage of this study, the QSPR model was applied to predict
the permeability of 25 semi-volatile and non-volatile compounds to
assess their suitability for CP-MIMS analysis. The selected compounds
represent a broad range of environmentally relevant contaminants
frequently occurred in environmental samples. They include pharma-
ceuticals and personal care products (ibuprofen, naproxen, acetylsali-
cylic acid, caffeine, theophylline, carbamazepine, diazepam,
delorazepam, haloperidol, sildenafil citrate, tadalafil), pesticides
(fipronil, chlorpyrifos, atrazine, trifluralin, oxybenzone), industrial and
plastic-related chemicals (bisphenol A, 4-nitrophenol), and common
fragrance or flavoring agents (benzaldehyde, methyl salicylate, -citro-
nellol, citral, linalool, geraniol). These compounds represent chemical
classes differing in polarity, ionizability, molecular size, and functional
groups, allowing assessment of CP-MIMS performance across a realistic
spectrum of compounds. The experimental measurements of these
molecules were carried out following the procedure described in the
Section 2.2.

Experimental results obtained on the tested molecules are reported
in Table 3, along with the QSPR model predicted labels, with the symbol
+ (positive) referring to the compounds able to permeate the PDMS
membrane of CP-MIMS system and the symbol — (negative) to the non-
permeant compounds. The molecular descriptors and the potential
values calculated by the QSPR model are provided in Table S2 of the
Supplementary Material. We considered permeating compounds those
molecules exhibiting an average signal I_Kmady clearly distinguishable
from the average background signal Yy, as reported in the Section 2.3.
The high standard deviation values observed for some analytes could be
attributed to the lack of any signal pre-treatment during data processing.
This approach was intentionally adopted to preserve the most realistic
representation of analyte behavior.

Most compounds exhibited rapid permeation, with response times
ranging from one to two minutes, thereby supporting the above-
mentioned advantages of this technique, whose principal advantages
are its high-speed and real-time analysis capability. In the cases of citral
and geraniol, signal monitoring was performed using PDA (254 nm), due
to the low efficiency in precursor ion formation. Theophylline, sildenafil
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Fig. 2. Multidimensional Scaling plot: chemicals are colored according to the class labels (permeant in blue and non-permeant in red). The training chemicals (81
positive and 105 negative) are represented in dark color, while the chemicals used to validate the model (3,955 positive and 9,605 negative) in light color.

Table 2

Steady state signal (?Smdy), background signal (Yy), and signal response time (t;9.909) for the five compounds experimentally tested for model validation.

D Name CAS number Yiteady Yo t1096-909 (Min)
EXP030 Diphenylamine 122-39-4 22 (+ 1) -10* 11 (£ 5) -10 1.1 (£ 0.5)
EXP031 Dibenzothiophene 132-65-0 61 (+ 4) -10? 5 (+ 3) -10% 1.5 (£ 0.2)
EXP032 2-Amino-3,5-dibromobenzaldehyde 50910-55-9 11 (+ 1) -10* 20 (£ 2) -10 1.2 (£ 0.5)
EXP033 3-bromofluoranthene 13438-50-1 59 (£ 4) -10° 19 (+ 1) -10% 1.8 (+0.1)
EXP034 Cumene 98-82-8 43 (+ 4) -10° 54 (£ 2)-10 1.0 (£ 0.4)

citrate, and haloperidol did not exhibit detectable steady-state signals in
CP-MIMS using PDMS membranes. Their negligible permeation can be
linked to unfavorable membrane/water partitioning and limited diffu-
sivity within the polymer matrix. Theophylline, structurally related to
theobromine, shows comparable behavior: the polar xanthine scaffold,
rich in hydrogen-bond donors and acceptors, shows very low membrane
affinity. Sildenafil citrate and haloperidol possess relatively large hy-
drodynamic volumes and rigid molecular structures that can limit
diffusion through the membrane, resulting in undetectable permeation.

Based on the CP-MIMS experimental results shown in Table 3, we
could therefore conclude that there is an overall good agreement be-
tween model predictions and experimental evidence; 22 out of the 25
environmentally relevant compounds were able to permeate the mem-
brane and 19 of these 22 compounds (86%) were correctly predicted as
positive (permeant) by the QSPR model, with only fipronil, trifluralin,
and bisphenol A incorrectly predicted as non-permeant. However, the
experimental test carried out on bisphenol A revealed that this com-
pound did not permeate employing 100% of MeOH (v:v) as AP, but
required the formation of a PIM. Therefore, this behavior is consistent
with the QSPR model, which predicts no-permeability for bisphenol A
depending on its physicochemical properties rather than on the exper-
imental conditions. On the opposite, only 3 of the tested compounds
were not able to permeate and 2 of them (67%) were correctly predicted
as non-permeant chemicals.

Multidimensional Scaling (MDS) was used to represent the distri-
bution of the environmentally relevant compounds (22 positive and 3
negative) in the chemical space defined by the training chemicals (81
positive and 105 negative). Also in this case, molecular descriptors were
autoscaled and the Euclidean distance was used as distance metric. The

score plot of the first two MDS dimensions is represented in Fig. 4:
despite a minor overlap, a clear distinction between permeant (blue) and
non-permeant (red) molecules can be seen. The compound exhibiting
the fastest permeation was linalool; as illustrated in Fig. 4 a), its steep
rising front of the normalized signal clearly indicates that permeation
occurs very rapidly, with a of t;99-999; of 0.8 min. The slowest permeant
compound was tadalafil which exhibited signal response times in the
range of 4-5 minutes. This analyte possesses moderate to low diffusion
coefficients, resulting in longer duty cycles during CP-MIMS acquisition.
As illustrated in Fig. 4 b) the gentle rising front of the normalized signal
clearly indicates that permeation occurs very slowly for tadalafil with a
t10%-90% value of 5 min.

The difference in the time scales used in the chronograms of the
faster and the slowest compounds is intentional and highlights the rapid
permeation of linalool, resulting in a faster duty-cycle. The original MS
recorded chronograms for these analytes are provided in Fig. S1 of the
Supplementary Material. Each analytical cycle consisted of monitoring
the signal rise until steady-state permeation was achieved, followed by
the signal decay after rinsing the membrane with fresh MeOH, across
three replicate measurements.

4. Conclusions

In this study, we integrated QSPR modeling with CP-MIMS to predict
the membrane permeability of analytes directly from their molecular
structure. By combining literature data, targeted CP-MIMS measure-
ments, and extensive structural enrichment from a large database, we
created a chemically diverse and statistically balanced dataset suitable
for model development. The one-class classifier based on Potential
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Fig. 3. Comparison of normalized signal chronograms for the five experimentally tested compounds for model validation.

Table 3

QSPR model predictions and experimental results of CP-MIMS measurements for 25 environmental relevant compounds; the symbol + (positive) refers to the com-

pounds able to permeate, the symbol - (negative) to the non-permeant compounds.

ID Name CAS number Yiteady Yo t10%-90% (min) Experimental permeation QSPR prediction
EXP001 Haloperidol 52-86-8 433 (£1) 102 421 (£1) 102 n.a. - -
EXP004 Sildenafil citrate 171599-83-0 121 (+4) 102 115 (+2) 102 na. - -
EXP007 Theophylline 58-55-9 72 (£2) 10? 70 (£1) 102 n.a. - +
EXP008 Benzophenone-3 (oxybenzene) 131-57-7 30 (+2) 10* 90 (+8) 102 1.6 (+£0.3) + +
EXP009 Bisphenol A 80-05-7 74 (£3) 10° 60 (+£2) 10° 2.6 (£0.1) + -
EXP010 Trifluralin 1582-09-8 115 (+2) 102 63 (+5) 10° 1.64 (+0.06) + -
EXP011 4-Nitrophenol 100-02-7 193 (+6) 10? 30 (£2) 102 0.8 (+0.2) + +
EXP012 Acetylsalicylic acid 50-78-2 99 (£5) 10? 62 (£5) 10° 1.1 (40.4) + +
EXP013 Atrazine 1912-24-9 201 (+2) 10° 7 (+2) 10° 1.9 (+0.2) + +
EXP014 Benzaldehyde 100-52-7 37 (+1) 102 262 (+4) 10 1.1 (+0.3) + +
EXP015 Caffeine 58-08-2 72 (+1) 102 61 (+2) 102 4 (£1) + +
EXP016 Carbamazepine 298-46-4 269 (+3) 102 100 (+6) 102 3.6 (£0.1) + +
EXP017 Chlorpyrifos 2921-88-2 136 (+2) 10° 279 (+3) 102 1.7 (£0.7) + +
EXP018 Citral 5392-40-5 161 (+3) 10° 69 (+5) 102 1.03 (+0.05) + +
EXP019 Delorazepam 2894-67-9 71 (£1) 10° 73 (£2) 10° 1.9 (+0.1) + +
EXP020 Diazepam 439-14-5 165 (+2) 10* 73 (+3) 10° 2.1 (£0.5) + +
EXP021 Diclofenac 15307-86-5 214 (+3) 10° 46 (+8) 102 1.44 (+0.05) + +
EXP022 Fipronil 120068-37-3 1633 (+3) 10° 173 (£1) 102 1.8 (4+0.8) + -
EXP023 Geraniol 624-15-7 70 (£7) 102 42 (£5) 1.02 (£0.07) + +
EXP024 Ibuprofen 58560-75-1 208 (+8) 10° 9 (+5) 10° 1.4 (40.5) + +
EXP025 Linalool 78-70-6 17 (+4) 10* 88 (+7) 10? 0.8 (+0.7) + +
EXP026 Methyl Salicylate 119-36-8 276 (+8) 102 496 (+2) 10 1.0 (+0.1) + +
EXP027 Naproxen 23981-80-8 512 (+9) 102 105 (+2) 102 1.03 (+0.09) + +
EXP028 Tadalafil 304683-09-8 83 (+£4) 102 60 (+3) 10? 5.0 (+0.7) + +
EXP029 B-citronellol 106-22-9 15 (+1) 10° 930 (+8) 10 1.7 (£0.1) + +

Functions, refined through Genetic Algorithms, identified a subset of six
molecular descriptors capturing the structural features related to PDMS
membrane permeation. The use of a one-class classification approach,
defined exclusively on permeant molecules, allowed us to exploit the
prevalence of permeant data in the literature, ensuring a reliable and
representative definition of the permeant chemical space that is pri-
marily driven by the quality of the available experimental data

The classification model exhibited high sensitivity and specificity
across multiple validation levels, including external testing on chemicals
retrieved from databases, as well as on analytes for which membrane
permeability was experimentally determined. When applied to envi-
ronmentally relevant contaminants, the model also provided accurate
qualitative predictions for most compounds, with discrepancies high-
lighting complex cases that may reflect borderline structural features,
alternative ionization behaviors, or analytical challenges. In the devel-
opment of a CP-MIMS method, the choice of the ionization technique

represents a key factor, as it directly affects detection sensitivity and
selectivity for compounds belonging from different classes. While mass
spectrometric detection offers several analytical advantages, perme-
ation studies are independent of the ionization process enabling the
analytical set-up to be tuned according to the physicochemical proper-
ties of the analytes or the instrumentation available in the laboratory.
When mass spectrometric detection is not available, alternative ap-
proaches, such as spectrophotometric techniques, may be adopted.
These results underline both the strengths and limitations of the CP-
MIMS technique and emphasize the value of computational pre-
screening for method development. In fact, the proposed QSPR frame-
work can enhance and foster application of CP-MIMS by screening
analytes and early identifying those who can permeate. This strategy
offers a practical and scalable add-on to anticipate analyte behavior at
the membrane interface, yielding deeper insight into the mechanistic
basis of structure-permeability relationships. By reducing the need for
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Fig. 4. Multidimensional Scaling score plot; chemicals are colored according to class labels (permeant in blue and non-permeant in red); training chemicals (81
positive and 105 negative) are represented with circles, environmental relevant compounds used to validate the model (22 positive and 3 negative) with asterisks.
The arrows highlighting the labelled blue asterisks correspond to the faster (EXP025) and the slowest (EXP028) permeating compounds and their relative normalized

signal chronograms: a) linalool and b) tadalafil.

experimental measurements, our approach improves sustainability and
expands the applicability of the CP-MIMS system in greener analytical
and environmental studies.
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