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Real-time detection and classification of PFAS
using dynamic behaviors at liquid-liquid
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Rapid detection and classification of per- and polyfluoroalkyl substances (PFAS) are important for

monitoring their concentrations at potential contamination sites due to their severe impact on

environmental and health safety. Herein, we present a combination of Janus droplets and microfluidics-

based sensors to measure dynamic interfacial behaviors of PFAS at liquid-liquid interfaces. The time-series

data are used as chemical fingerprints to classify the identity of PFAS based on their differences in chain
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length and head group and quantify their concentration. We demonstrate that classification of four
different PFAS is possible using the time-series data of under ten minutes. We also extend this proof-of-
concept work toward complex matrices of synthetic groundwater and binary mixtures of PFAS. Our results

illustrate the potential of a real-time and continuous sensing platform for on-site environmental

rsc.li/RSCApplinter monitoring.

Introduction

Per- and polyfluoroalkyl substances (PFAS) are amphiphilic
molecules that adsorb onto surfaces or interfaces, leading to
widespread and long-term contamination of water supplies.'™®
These molecules have been linked to substantial
environmental impacts, and consumption of contaminated
water poses adverse health effects.”® Such problems are
especially amplified in remote communities with insufficient
infrastructures and increased reliance on unregulated water
sources."” ™ Thus, efforts to monitor the transport of PFAS
are critically important to the maintenance of a safe living
standard. While conventional laboratory-based techniques
(e.g., high-performance liquid chromatography with tandem
mass spectroscopy, LC-MS/MS) are highly selective and
sensitive,"*'® they are cost-prohibitive as they require well-
equipped laboratories and skilled personnel, unsuitable for
on-site applications, and are not readily accessible.'>"”'®
Furthermore, these techniques are not compatible for real-
time detection to fully evaluate the presence of PFAS in water
sources, or regular monitoring of water treatment plants,
Hence, an alternative detection that is rapid, continuous, and
portable could eliminate the need for sample transportation
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to centralized laboratories and provide real-time monitoring
of PFAS in remote settings.®*°

In addition to rapid detection, classification of PFAS is
integral to a comprehensive understanding of the transport
mechanism, identification of the sources, and assessment of
differences in toxicity.>"?> PFAS encompass an expansive
array of compounds with different molecular structures (e.g.,
length of the alkyl chain, identity of the head group), which
give rise to differences in physical and chemical properties
(e.g., bioaccumulation, toxicity).***** For example, long-chain
PFAS exhibit higher tendency to bioaccumulate, while short-
chain PFAS have been shown to be more mobile and
potentially volatile.>*” Recent studies on the differences in
human risk factors arising from long-chain and short-chain
PFAS also underscore the importance of early identification
of these contaminants.>®3* Moreover, the functional head
groups (e.g., sulfonic acid, carboxylic acid, alcohol)
significantly impact their environmental transports—namely,
the adsorption at water-air interface, sorption in soil, and
leaching into water sources.*>*°

Our group and others have leveraged the differential
interfacial properties of PFAS toward detection and
quantification.'®?”*°**> For example, Brusseau and coworkers
reported the effects of varying chemical structures on the fate
and transport of PFAS in environmentally relevant
media.**?*** Similarly, McCray and coworkers explored the
interfacial behavior to evaluate the competitive adsorption of
PFAS mixtures.*"*> We have demonstrated that PFAS can be
distinguished from common hydrocarbon surfactants by
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monitoring interfacial tensions (y) at multiple liquid-liquid
interfaces.'® Specifically, the identity and concentration of
PFAS dictate its interfacial behavior at multiple oil-water
interfaces. A key limitation to our previously reported method
is the inability to identify the type of PFAS and quantify its
concentration simultaneously. Additionally, many
geochemical factors (e.g:, total dissolved solid, organic
compounds, interaction with other surfactants) affect the
interfacial partitioning, surface excess, and the effectiveness
of PFAS.*>*°*% However, recent studies have demonstrated
that monitoring the dynamic interfacial properties and
extracting the adsorption and desorption kinetics could be
used to identify the head group and chain-length of common
PFAS.>%37494950 Hence, the primary goal of this study was to
develop a high-throughput method to monitor changes in
interfacial tension upon exposure to PFAS.

Janus droplets, comprising two distinct dispersed phases
of hydrocarbon oil and fluorocarbon oil in an aqueous phase,
are a class of all-liquid sensing particles whose physical and
optical properties are directly dependent on the changes in
interfacial tensions.”’”* Through subtle alterations in their
interfacial tensions, they become sensitive probes, capable of
detecting and responding to changes in their surrounding
environment. Unlike conventional tensiometers that offer
insights solely into equilibrium interfacial tensions at a
single interface, Janus droplets are capable of monitoring
dynamic interfacial tensions across multiple interfaces
simultaneously and can differentiate between hydrocarbon
and fluorocarbon surfactant.'® When incorporated with
responsive surfactants that are selective to targeted analytes,
these droplets have been tailored to detect enzymes,®>*
foodborne pathogens,”>™’ dissolved metals in water,'”%>°
and trace chemicals.®” We adopted an optical detection
technique known as “directional emission” that correlates
interfacial tensions to the fluorescent emission of Janus
droplets."”'8°>365% gpecifically, small changes in interfacial
tensions  significantly influence the Janus droplet
morphology, as well as the direction and intensity of the
emitted fluorescent light. This coupling of properties remains
consistent in  various buffer solutions, synthetic
groundwaters, mixtures of surfactants, and even chicken
exudate. We have also combined Janus droplets with PDMS-
based microfluidics for the continuous measurement of
fluorescent emission as a function of interfacial tension
changes in real-time.*'

In this study, we reported that real-time measurement of
changes in interfacial tensions—captured from the
integration of Janus droplets and a microfluidics-based
sensing platform—provide sufficient distinguishing power to
identify and quantify the concentration of four common PFAS
(i.e., PFOS, PFOA, PFBS, and PFBA). Specifically, we used the
interfacial behaviors of PFAS at hydrocarbon oil/water and
fluorocarbon oil/water interfaces of Janus droplets as the
real-time sensing readouts. Our approach relies on
monitoring the interfacial activity, manifested through
distinct morphological and optical changes in Janus droplets.
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We used PDMS-based microfluidics to expose Janus droplets
to the four PFAS at different concentrations and measured
the fluorescent emission in real-time as their “chemical
fingerprints”. We then extracted key features from these
time-series datasets and applied Principal Component
Analysis (PCA) to perform an unsupervised classification. The
results revealed that the two primary principal components
described 95% of the total variances and facilitated grouping
of PFAS with minimal overlaps. Additionally, we adopted
Random Forest analysis, a supervised classification model,
and regression modeling to predict the identity and
concentration of PFAS. Lastly, we extended this proof-of-
concept technique toward complex matrices of synthetic
groundwater and binary mixtures of PFAS to simulate real-
world conditions. Our results offer a step towards a novel
approach for PFAS classification, highlighting its potential
for practical applications in environmental monitoring and
sensing technologies.

Experimental design
Fabrication and characterization of Janus droplets

We used Janus droplets comprising two hemispherical
domains of hydrocarbon oil (H-o0il) and fluorocarbon oil (F-
oil) as the sensing particles (Fig. 1a). We fabricated them
using a thermally induced phase separation method as
previously reported in literature to produce droplets with
high uniformity in both composition and size (ESIt).>>>*°"
Briefly, equivalent volumes of H-oil (toluene) containing the
dissolved fluorescent dye (perylene) and F-oil (9:1 mixture of
HFE-7500 and FC-43) were emulsified within an aqueous
solution containing a surfactant (Triton X-100) inside a
Dolomite Microfluidic Setup. The whole process occurred at
an elevated temperature above the upper critical temperature
(T.) of the two oils to produce a single miscible dispersed
phase. We controlled the overall size of the droplets by
adjusting the flow rates of the continuous phase (Triton
solution) and the dispersed phase (miscible oil mixture)
through a flow-focusing chip with a channel size of 50 pum.
After emulsification and cooling to ambient temperature (T <
T.), the two oil phases separated, yielding monodispersed
Janus droplets with distinct H-oil and F-oil phases. We
characterized the droplets using optical and fluorescent
microscopy to ensure monodispersity in size (51 + 4 um) and
composition (ESL;t Fig. S1).

Preparation of analyte solutions

We selected four molecules of PFAS—perfluorooctane
sulfonic acid (PFOS), perfluorooctanoic acid (PFOA),
perfluorobutane sulfonic acid (PFBS), and perfluorobutanoic
acid (PFBA)—to test the hypothesis that the variation in
chemical structures (i.e., chain length, head group) impact
the dynamic interfacial behaviors at the interfaces of Janus
droplets (Fig. 1b). Specifically, we sought to leverage the
differential adsorption and desorption kinetics at the liquid-
liquid interfaces for classification.”>***>* We chose two

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 (a) Side-view schematic, top-view optical micrograph of Janus
droplets, and chemical structures of oils and fluorescent dye. (b) Chemical
structures of the control surfactants (Triton X-100 and Capstone FS-30)
and the four selected PFAS: PFOS, PFOA, PFBS, and PFBA.

non-ionic surfactants, Triton X-100 and Capstone FS-30 at a
mass ratio of 2:1, to stabilize the Janus droplets as they have
minimal interaction with anionic surfactants (ie.,
PFAS).**47:6%6> The stock solutions of the analytes were first
prepared in either Milli-Q water or synthetic groundwater
(SGW). The full list of chemical compounds in SGW was
adapted from Smith et al.®® and is provided in the ESI,} Table
S1. The subsequent dilution series were prepared using these
stock solutions in HDPE vials prior to each experiment.

Sensing mechanism of Janus droplets

We measured the real-time changes in interfacial tensions,
induced by exposure to PFAS solutions, by measuring the
changes in the fluorescent emission intensity from a single-
layer array of Janus droplets. This coupled relationship
among the chemical properties (interfacial tensions), the
physical properties (droplet morphology), and optical
properties (fluorescent emission) was first reported by

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Swager and coworkers®® and has been used by our
group''®°" and  others®>?7%%%7"% a5  the sensing
mechanism for a variety of analytes. Briefly, the direction
(and measured intensity) of the emissive light of a
fluorophore (perylene) is affected by the internal
morphology of Janus droplets. This internal morphology is
controlled by the balance between interfacial tensions at the
two interfaces: H-oil/water (yy) and F-oil/water (yz). As a
result, the reduction in yr upon the exposure to fluorinated
surfactant molecules (e.g., PFAS) alters the morphologies in
a way that increases the emission intensity (Fig. 2a).
Alternatively, the removal of PFAS reverses the morphology
and decreases the emission intensity. An in-depth
explanation of this sensing mechanism (previously
described as “directional emission”) is provided in the ESLj
Figure $2.'®°%°° Because both the physical and optical
transformations occur reversibly and dynamically, we have
demonstrated  previously  that  real-time  chemical
information can be extracted rapidly and continuously by
combining Janus droplets with PDMS-based microfluidics
platform (described in the next section).®™”*”*
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Fig. 2 (a) Schematic representation of the emission intensity as a

function droplet morphology and the differences between yy and ye.
(b) Schematic diagram of the PDMS-based microfluidics sensing setup
for real-time and continuous emission measurement of Janus droplets.
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Fabrication of microfluidics setup for real-time detection

Similar to our previous report, we combined Janus droplets
with PDMS-based microfluidics to measure real-time and
continuous changes in interfacial tensions (Fig. 2b).*!
Specifically, we fabricated a PDMS reservoir to host a single
layer of monodispersed Janus droplets. This reservoir allows
the Janus droplets to remain static and gravity-aligned
vertically without agitation from the flow of analytes. The
fabrication procedures were adapted from established
protocols and are provided in the ESL} Fig. S3 and S4.f7>7*
We then controlled the ratio of the flow rates from the two
syringe pumps—filled with the control solution (Triton and
Capstone) and the PFAS solution (PFAS, Triton, and
Capstone)—to expose Janus droplets to the targeted
concentration of PFAS in a square-wave pattern. That is, we
first established the baseline emission intensity using the
control solution, then started the exposure to the analyte
solution for three minutes, and finally cycled back to the
control solution. Directly above the reservoir containing
Janus droplets, a bifurcated optical fiber transmits UV light (1
= 405 nm) to excite the embedded fluorophore and collects
real-time emission spectra via a spectrophotometer. We
recorded the emission intensity as a function of time at one
of the characteristic emission wavelengths of perylene (1 =
475 nm). This process was repeated for all the selected PFAS
at varying concentrations.

Analysis and classification

To leverage the fluorescent emission intensity over time as a
chemical fingerprint, we extracted four key features to serve
as critical indicators. Specifically, for each time-series curve,
we extracted (1) the magnitude of increase in emission
intensity upon the adsorption of PFAS (I,4s or F1), (2) the
magnitude of decrease in intensity upon the desorption of
PFAS (Iges Or F2), (3) the response time during adsorption
(taas or F3), and (4) the recovery time during desorption (tges
or F4). We chose these features because F1 and F2 represent
the equilibrium values of interfacial tensions, which can be
related to PFAS affinity and reversibility at the droplet
interfaces. The time features (F3 and F4) represent the kinetic
behaviors and the competitions between PFAS and the
control surfactants.

We then employed Principal Component Analysis (PCA) as
an unsupervised classification to distinguish the four
selected PFAS. PCA has been widely used for the
discrimination of toxic gases,”> various insecticides in
different food matrices,”® protein biomarkers, and cancer
cells.”” This approach produces a transformation of a data
set to a new coordinate system such that each coordinate (or
principal component) accounts for the greatest variance in
the data set. As a result, the sensing responses are grouped
based on similarity of the key features without any
supervision. Additionally, we conducted a feature-by-feature
importance analysis to comprehend the contributions of
extracted features to the classification process.””””°
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Next, we adopted Random Forest (RF) classification, a
supervised classification algorithm that constructs multiple
decision trees based on feature information for building the
random forest and then combine the outcome of each tree to
predict analyte class.”*®® RF is an effective classification
model even with limited feature information and a small
dataset size.*’ It has been effectively used for practical
applications, such as speciation and classification of volatile
organic compounds in groundwater,®* identification of redox-
sensitive contaminants in groundwater,®® and prediction of
protein-peptide binding regions for drug discovery.®* We
designed the algorithm to randomly select training and test
datasets and evaluate the prediction accuracy of PFAS class.
Subsequently, we performed linear regression analysis to
develop a probabilistic statistical model for determining the
PFAS concentration quantitatively. The analysis was
conducted utilizing the scikit-learn package of Python
programming (ESI{), wherein a tabular data structure was
formulated such that each row of the dataset represented the
concentration of a PFAS compound, while each column
denoted a relevant feature extracted for analysis.

Results and discussion
Generation of real-time responses

The central hypothesis of this work was that the dynamic
interfacial behaviors of PFAS are directly related to their
chemical structure and concentrations. Specifically, the
overall magnitudes and rates of change in interfacial tensions
during adsorption and desorption from the liquid-liquid
interface of Janus droplets could provide sufficient
discriminating power to classify PFAS of different functional
head group and alkyl-chain length. To test our hypothesis, we
began by generating characteristic time-series responses to
the exposure of the four individual PFAS at different
concentrations. We leveraged a sensing platform comprising
Janus droplets embedded in a PDMS-based microfluidic
device.®”® This sensing platform provides a rapid and
continuous measurement of fluorescent emission intensity
from Janus droplets, which is directly correlated to the
interfacial tension and the concentration of the targeted
analyte,'”"'8°6:57:60:67.68 por each experiment, we collected the
emission intensity as a function of time at a characteristic
wavelength of perylene (2 = 475 nm) as the Janus droplets
were exposed to PFAS solutions. The duration and
concentration of PFAS exposure were adjusted by tuning the
ratio of the flowrates of the two syringe pumps upstream
from the Janus droplets, containing the control solution and
PFAS solution. Furthermore, we note that PFAS preferentially
adsorbs at the F-oil/water interface rather than going into the
oil phase, thus the influence of PFAS on the fluorescent dye
molecules dissolved within the hydrocarbon oil phase is
minimal. This phenomenon arises due to the affinity of PFAS
compounds towards the oil/water interface, where they
preferentially accumulate. This selective accumulation

ensures that the dye molecules remain significantly

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 (a) Graphical representation of real-time emission response of

PFAS generated by applying three-step square wave input flow. Shaded
area signifies the injection of PFAS solutions from t = 3 mintot = 6
min. (b) Real-time emission responses to different concentrations of
PFOS in Milli-Q water. Each response is an averaged response from
separate experiments (N > 5).

unaffected by the presence of PFAS, thereby preserving the
sensitivity and accuracy of the sensing mechanism based on
directional emission.

Fig. 3a shows the design of our experiment, expected
droplet morphologies, and a representative real-time
emission data for a cycle of exposure. We designed a three-
step process that started with (1) a flow of the control
solution, (2) followed by a flow of PFAS solution, and (3)
reverted to the control solution. Each step was kept
consistent at a three-minute interval. We maintained a
constant total flow rate (200 uL min™') to ensure minimal
mechanical agitation to the array of Janus droplets.®’ While
changing solutions from control to PFAS, we observed

© 2024 The Author(s). Published by the Royal Society of Chemistry
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consistent time delay (¢4 = 25 + 3 seconds), corresponding to
the time it takes for the solution to travel from the syringe
pumps to the sensing chamber (ESIT). In step 1, the values of
yr and yy are similar in the control solution with both Triton
and Capstone, resulting in a Janus morphology with
dispersed, low emission intensity.”® Upon the exposure to
PFAS solution in step 2, the value of pp reduced more
significantly than yy, transforming Janus droplets into
double (H/F/W) configuration and produced higher emission
intensity. And in step 3, the PFAS solution was replaced with
the control solution, which causes the two interfacial
tensions to converge back to a similar value and reducing the
emission intensity.

Fig. 3b demonstrates the real-time emission responses to
PFOS with the concentration range of 50 to 100 pg L™'. We
observed a direct relationship between change in emission
intensity (F1) and concentration of PFOS. Specifically, high
concentration of PFOS caused larger reduction in yg,'® which
ultimately transformed Janus droplets into double (H/F/W)
configuration with higher emission intensity.'”****®" This
observation agreed well with our group's discrete (ex situ)
measurements of droplet morphology'® and previously
reported measurement of interfacial tensions as a function of
PFOS concentration.*®**® We note here that the sensitivity
range can be adjusted by tuning the overall concentration of
the control solution. By reducing the concentration of control
surfactants (Triton and Capstone) used to stabilize the Janus
droplets, we are able to lower the experimental limit of
detection by 10 to 100 folds, as demonstrated previously'®
(ESLi Fig. S5). We also observed the dependency on
concentration for the change in emission intensity during
desorption (F2): the higher the concentration, the higher the
F2 value. This observation suggests that Capstone (in the
control solution) is less effective at replacing PFOS molecules
from the F-oil/water interface as the concentration of PFAS
increases. Moreover, it indicates that the desorption of PFOS
was notably slower compared to the adsorption process
which hindered the complete replacement of PFOS by the
control solution within the designated three-minute time
interval. We note here that increasing the flushing duration
beyond three-minute would allow the droplets to revert to
their initial morphological state. This, in turn, would have
facilitated the reusability of the Janus droplet layer for
subsequent PFOS detection purposes. We then looked at the
dynamic response (F3 and F4), which revealed that both are
similarly dependent on concentration. Specifically, both F3
and F4 values indicated that longer time is necessary for the
droplets to attain equilibrium state at higher PFOS
concentration.®> %’

Characterization of PFAS using real-time responses

After obtaining the real-time characteristic curve for PFOS at
varying concentrations, we repeated the same experimental
procedures for PFOA, PFBS, and PFBA. The emission
intensity vs. time for these PFAS are provided in ESLj Fig. S6.

RSC Appl. Interfaces, 2024, 1,1045-1056 | 1049
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Similar to PFOS, we observed a direct relationship between
larger changes to emission intensities (F1 and F2) and higher
concentration (Fig. 4a and b). Again, this observation agrees
well with previous literature values that all the four PFAS
reduce surface and interfacial tensions more readily at higher
concentration.*® However, we clearly observed the differences
in values of F1 among PFAS at a constant concentration. This
observation is attributed to the variation in the surfactant
effectiveness. Long-chain PFAS exhibited greater interfacial
activity compared to short-chain PFAS, arising from the
stronger hydrophobicity of long-chain PFAS.***° We observed
minimal differences between F1 values for sulfonic acid and
carboxylic acid head group of same chain length and same
concentration, which were consistent with previous
Studies.23'36'39’43'46

We note here that our measurement of F1 exemplified the
limitation in simply using the equilibrium interfacial
tensions for classification, as it is impossible to deconvolute
two unknowns (identity and concentration) from just one
measurement. We observed that the changes in emission
intensity during desorption (F2) were more sensitive to
varying concentrations for long-chain PFAS (Fig. 4b). We
attributed this observation to their strong affinity toward the
F-oil/water interface and increased resistance to desorption
from the interface.®® ' Low values of F2 for short-chain PFAS
also indicated significant removal from the interface due to
their high mobility and reversible interfacial adsorption.’"*
For this same reason, we observed a weak dependency of
response time during adsorption (F3) and recovery time
during desorption (F4) on concentration for short-chain PFAS
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(Fig. 4c and d). In contrast, long-chain PFAS exhibited longer
response and recovery times, which are strong functions of
concentration. We also noted that their recovery times (F4)
were significantly longer than their response times (F3).

Classification and quantification analysis using real-time
responses

After extracting the four key features (F1-F4), we performed
statistical analysis in two steps. The first step is classification
analysis to identify and categorize PFAS and the second step
is regression modeling that focuses on quantifying the
concentration of the identified PFAS within the samples. We
pursued two classification approaches: dimension reduction
through Principal Component Analysis (PCA) and Random
Forest (RF) supervised -classification analysis. First, we
subjected the four key features to PCA and transformed the
original data into a new coordinate system, where each
coordinate (principal component) represents the variations in
the data set while preserving as much information as

possible.”>°* This transformation is achieved by calculating
a
T T T T T T T
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Fig. 5 (a) Principal component analysis (PCA) of Janus droplet
responses to PFAS in Milli-Q water for varying concentrations. (b)
Significance of four extracted features on the classification of PFAS
analyzed by feature-by-feature importance analysis.
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eigenvectors of the covariance matrix of the data. Fig. 5a
demonstrates the class separability of the four PFAS. We
observed that the first two principal components captured
the majority of the variance in the data set (ESL;} Fig. S7). We
also observed a clear distinction between the two short-chain
PFAS (PFBS and PFBA), indicating notable differences in their
interfacial behavior. However, the long-chain PFAS (PFOS and
PFOA) exhibited some degrees of overlap. We suspected that
the dominance of hydrophobic tail diminishes the impact of
head group variation for the long-chain PFAS. Interestingly,
we observed a minor degree of overlap between PFOS and
PFBA. This unexpected discrepancy can be attributed to the
potential  misinterpretation of data between low
concentration of PFOS and high concentration of PFBA.
Furthermore, we conducted a feature-by-feature importance
analysis to elucidate the relative contribution of the four
features to the classification process (Fig. 5b). We found that
Ies (F2) emerged as the most important distinguishing factor
across all PFAS classes, which suggests PFAS desorption can
be further investigated for better evaluation of dynamic
interfacial properties. However, we note here that all four
features are necessary to perform this analysis.

Next, we employed the RF classification model to identify
PFAS class. Our algorithm involved a 3-fold cross-validation
across the data set, employing a 67/33 training-test data split
ratio. To validate the outcomes, we generated a confusion
matrix to compare the actual and predicted classes of PFAS
(Table 1). Similar to PCA, we observed some degree of
misclassification between PFOS and PFBA using RF, with the
overall accuracy of 77%.

We attributed this attained accuracy to the limited size of
dataset and inherent similarities between data obtained from
various PFAS. Despite these challenges, the classification
model demonstrates its capability to differentiate PFAS
identity utilizing extracted features. Broadening the data
range and employing pattern recognition techniques can
improve the classification model accuracy. Furthermore, we
conducted the RF model excluding PFOS and PFBA from the
dataset respectively and demonstrated that the overall
accuracy approaches 100% (ESL} Fig. S8 and S9). These
classification results are summarized in Tables S3-S5.

Following the identification of the type of PFAS, we
performed a linear regression analysis to quantify the
concentration. This model was preferred due to its simplicity
and the provision of an easily interpretable mathematical

Table 1 Random Forest (RF) classification matrix based on the time-
series responses to identify the PFAS class

Predicted
Actual PFOS PFOA PFBS PFBA Accuracy
PFOS 6 0 0 9 40%
PFOA 0 15 0 0 100%
PFBS 0 0 15 0 100%
PFBA 4 1 0 10 67%
Average 77%

© 2024 The Author(s). Published by the Royal Society of Chemistry
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formula for quantification. For each PFAS, a regression line
was generated based on the input variables (F1-F4), and the
mathematical formulation is expressed as:

Yeone = Bo T PriXpr + BroXra + PraXpes + PraXra + €

The regression models were fitted to ascertain the
intercept (f,) and coefficients (g1, Pr2, Pr3, Pra)- The fitted
regression models were then employed to predict
concentration, and the resulting errors (€) represented the
deviation of predicted values from actual values. The mean
absolute error for the models across four different PFAS
ranged from 1.2 to 2.5 ug L™". Additionally, the coefficient of
determination values, indicative of goodness of fit, varied
from 0.88 to 0.96 (ESLj Fig. S10 and S11). These values
indicate the appropriateness of the linear regression model
for the dataset, suggesting a high level of accuracy in
predicting concentration (ESL} Table S6).

Case studies 1: binary mixtures of PFAS

Next, we sought to test the interfacial behavior of binary
mixtures of PFAS. We prepared four combinations: (1) PFOS-
PFBS, (2) PFOA-PFBA, (3) PFOS-PFOA, and (4) PFBS-PFBA in
Milli-Q water, at various ratios but constant total molar
concentration. We observed that long-chain PFAS dominated
interfacial responses, which is consistent with previous
reports (ESL} Fig. $12).°>°° From PCA results, we noticed
decent separations between pure PFAS and 1:1 binary
mixtures of PFAS. However, increased overlaps were
observed when the dataset included additional molar ratios
(ESL;t Fig. S13).

Case studies 2: effects of dissolved ions

After the proof-of-concept in Milli-Q water, we extended our
study to account for potential interference from dissolved
ions.*>*® Thus, we repeated the experiments using synthetic
groundwater (SGW) as the matrix. We observed that the
magnitude of emission changes (F1) is greater in SGW
compared to the Milli-Q water for all PFAS (ESL} Fig. S14a).
The electrostatic interaction between cations and PFAS
improves their effectivity as surfactants,*® which caused
greater reductions in pr and resulted in higher emission
intensity. We observed, from PCA outcomes using the same
extracted key features, that near perfect separation between
PFAS were obtained when the concentration was kept
constant (ESL} Fig. S15a). However, poor separation was
obtained when the dataset included the whole range of
concentrations (ESL} Fig. S15b). This result suggested that
more information is needed to deconvolute PFAS in SGW. We
also note here that other geochemical factors (e.g., pH,
competing surfactants) can significantly impact interfacial
properties of PFAS, which could necessitate the
implementation of multiplexed sensors®’ to generate
additional characteristic features.
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Conclusion

In conclusion, we report a Janus droplet and microfluidics-
based sensing platform to detect and classify PFAS in
aqueous samples. We measured the changes in interfacial
tension due to the exposure of PFAS in real-time through
optical emissions. The collected emission responses were
then analyzed using Principal Component Analysis and
Random Forest analysis to develop a PFAS classification
model. We achieved sufficient separation from PCA and an
overall accuracy of 77% from RF analysis. Furthermore, we
explored the utility of Janus droplets for detecting PFAS in
complex aqueous systems, such as synthetic groundwater
and PFAS mixtures. Our study represents a step toward
developing a multiplexed sensing device capable of selectively
identifying analytes in real-world environmental samples.
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