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To attenuate microplastics pollution, we first must quantify the number and types of microplastics found in
the natural environment and identify their sources. Quantifying environmental microplastics requires
distinguishing synthetic polymers from other naturally occurring species. Quality assurance and control
measures - including wearing gloves when handling laboratory materials and samples — seek to reduce
overestimating microplastic abundance. However, commonly used laboratory gloves release non-volatile
residues, including stearate salts, that exhibit vibrational spectra similar to microplastics. In this work, we
illustrate that dry surface contact with nitrile and latex laboratory gloves can cause overestimations of
microplastics (mean 2000 false positives per mm?) when using traditional library matching approaches.
We recommend a nitrile cleanroom glove (mean 100 false positives per mm?) to reduce contamination.
For existing contaminated infrared and Raman spectral datasets, we outline workflows that differentiate
between microplastics and stearate contamination from gloves. Applying these workflows to a case
study of glove-contaminated environmental data, we illustrate that the proposed solutions reduce MP
false positives at the smallest size ranges (<10 um). By using this approach in conjunction with our
included spectral libraries of stearate standards, researchers can address glove-based contamination in
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Introduction

Alongside the expanding production of synthetic polymers has
come the unintended, yet significant, consequences of plastic
pollution in the environment."* Plastics can degrade to create
particles 1-5000 micrometres in size,>® called microplastics
(MPs),” which can travel between ecosystems and impact plant
and animal health.*?® As reports of negative health effects
related to MP pollution continue,’*** we must identify the
major sources of MPs and their abundance in the environment
to inform solutions.

Remediation and regulation to address MP pollution rely on
researchers to accurately identify and quantify MPs across
diverse matrices.'*" As plastic is ubiquitous in both laboratory
and environmental settings, researchers have compiled strict
quality assurance and quality control (QA/QC) measures to
avoid unintentional contamination.’*™® Recommendations
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environmental datasets and provide more accurate estimates of environmental microplastic abundance.

include wearing cotton laboratory coats over synthetic
textiles,'*** using glass or metal laboratory supplies rather than
plastic,”**  guaranteeing  purity of materials and
surroundings,**¢ and instituting procedural blanks to assess
MP contamination in the sampling and analysis workflow.””>*
These QA/QC measures minimize the potential for false posi-
tives (i.e., incorrectly attributing MP counts to the environment
rather than contamination), thereby reducing the risk of over-
estimating environmental MP pollution.

Within this context, the use of disposable laboratory gloves
has been questioned in the recent QA/QC literature. While glove
use is occasionally necessary to protect researchers from harsh
reagents in MP sample processing, glove use is primarily sug-
gested as a measure to protect environmental MP samples.”?
Yet, laboratory gloves have been shown to release non-volatile
residues since the early 2000s.***” Surprisingly, this finding
had not been reported in the MP literature until 2020, when
Witzig et al. reported that laboratory gloves submerged in water
leached residues that were misidentified as polyethylene (PE) by
pw-Fourier transform infrared (u-FTIR) spectroscopy and p-
Raman spectroscopy.®® The publication indicated that the resi-
dues, comprised of stearate salts used to release gloves from
their moulds during manufacturing,* exhibit hydrocarbon
structures similar to MPs like PE, and thus their vibrational
spectra resemble one another.*® While stearates are small
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molecules and MPs are polymeric, the critical difference
between vibrational measurements of the identities is the
presence of a carboxylate salt functional group in the stearate
species that is absent from PE. Witzig et al. found that using p-
FTIR standard stearate reference libraries, where the unique
carboxylate peak is visible, helped to reduce MP over-
estimations by automated spectral library matching.*® However,
traditional approaches to identify environmental spectra, such
as reliance on topmost hit quality index (HQI), could not
address Raman spectral similarity between stearates and PE
because the distinguishing carboxylate vibrational mode is not
Raman active. Along these lines, there is a lack of open-access
stearate vibrational reference spectra to date, leaving a gap in
the MP community's ability to identify contaminants from glove
contact using the field's most common analytical techniques.

In this work, we show that dry surface contact with labora-
tory gloves also leads to an overestimation of MPs when vibra-
tional micro-spectroscopy data is subjected to traditional library
matching. First, we evaluate the QA/QC recommendations of
recent MP reviews to understand current guidelines regarding
glove use. Next, we quantify the release of stearates from seven
common laboratory glove varieties under dry contact conditions
via infrared and Raman analysis and illustrate that they are
commonly misidentified using traditional, topmost HQI-based
library searching approaches. To address the spectral and
optical similarities between MPs and stearate species, we
provide an open-access spectral library of stearate standards
and outline methods to identify glove contamination in spectral
datasets. After illustrating the application of our techniques to
a contaminated environmental dataset, we provide recom-
mendations on avoiding, recognizing, and salvaging vibrational
spectral datasets impacted by glove contamination to aid the
MP community to more accurately quantify environmental MP
pollution.

Experimental
Instituting QA/QC protocols for sample handling

Laboratory gloves were not worn during sample handling
related to quantifying stearate salt release. Researchers used
soap and tap water to thoroughly wash their hands before
handling all sample materials with metal tweezers. Samples for
controlled, dry contact experiments were prepared in a laminar
flow hood (Purair FLOW-36-A) purged with HEPA-filtered air
while a cotton laboratory coat was worn. Samples were housed
in capped single-stub microscopy storage tubes (Ted Pella,
16630) while not in use to protect from atmospheric MP depo-
sition. Analysis was conducted in the closed instrument, and
a cotton laboratory coat was worn when the instrument was
open to external air. Procedural blanks were prepared,
collected, and analyzed alongside samples to assess contami-
nation not originating from laboratory gloves.

Investigating dry residue release from laboratory gloves

Aluminum-coated silicon substrates (Angstrom Engineering,
QA05-00491, 4-inch diameter, 100 nm thick coating, average
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size 5 mm x 6 mm) were prepared in the same purged laminar
flow hood. Seven types of chemically rated disposable labora-
tory gloves were selected for testing. We tested three latex (L)
and three nitrile (N) gloves, as well as one nitrile cleanroom (CR)
glove (see SI Section SII). These choices reflect the QA/QC
literature reports of the most often suggested glove materials.
We hypothesized that the strict contaminant-free standards of
cleanrooms would necessitate particulate-free gloves, and
a cleanroom glove was thus investigated as a potential alter-
native to gloves with manufacturing processes that include
stearates. The finger portion of each unused glove was cut with
scissors, and a glass microscope slide was inserted into the
newly opened fingertip portion of the glove and secured with
tape (see SI Section SIII). To reduce the potential of depositing
MPs from cutting the glove onto the surface for analysis, the
glove was cut ~50 mm from the region of contact. This process
was repeated with a new glove for each sample type, generating
two slides with unique gloves from the same box.

Using a TA x XT-Plus texture analyzer, each substrate was
brought into contact with a glove-covered microscope slide at
a constant speed (Fig. 1). The substrate exerted a contact force
of 30 N to the glove-covered microscope slide prior to retraction
(see SI Section SIII). A 30 N contact force (equivalent to the
strength required to lift ~3 kg on Earth) was selected to mimic
contact between a gloved hand and a laboratory surface or
sample and to maintain consistency between trials of different
gloves. This force corresponds to the average maximum force
that an index finger can exert on a plate resting under the
finger.*® Notably, this force does not exceed the average pinch
strengths (3-5 kg)'** and grip strengths (>25 kg) of humans.*
As Witzig et al evidenced that stearate salts persist in
submerged aqueous conditions and can be transferred to
a sample surface via filtration, the chosen force is representative
of a researcher's manipulation of materials in the laboratory
such as filtration units,*® digestion or density separation glass-
ware, or the sample itself in the laboratory.

This process of controlled contact was repeated with
a second aluminum-coated silicon substrate and second glove,
generating two substrates from two unique gloves. Two proce-
dural blanks (aluminum-coated silicon pieces that were
prepared, transported, and handled in the same manner as the
samples but did not contact a glove surface), were used to assess
external contamination in the workflow (SI Section SXI). This
yielded eight sets of replicate substrates.

To collect simultaneous infrared and Raman spectra of glove
residues imprinted on the aluminum-coated silicon substrate,
a mlIRage optical photothermal infrared (O-PTIR) + Raman
microscope (Photothermal Spectroscopy Corp.) equipped with
computer-controlled capabilities was used (see SI Section SIII).
Briefly, the mIRage system collects simultaneous photothermal
infrared (PTIR) and Raman spectra via a pulsed infrared
quantum cascade laser and a 532 nm continuous wave probe
laser. The PTIR (10 averaged scans, 2 cm™ ' resolution, from
948-1860 and 2698-3002 cm™ ') and Raman (3 x 30 s average
scans, 30 s delay, 3.4 cm ™' resolution, from 170-4000 cm™ ")
spectra were collected with 48% infrared power and 5% probe
power (see SI Section SIII). Previous studies have validated this

Anal. Methods, 2026, 18, 2914-2926 | 2915


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ay01801c

Open Access Article. Published on 26 March 2026. Downloaded on 6/22/2026 4:26:57 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Analytical Methods

dry contact with controlled force

O-PTIR + Raman chemical analysis

View Article Online

Paper

topmost HQl-based library matching

lBO N

substrate

stearate library MP library
PTIR

Raman

T

Fig. 1 Schematic workflow depiction of glove residue collection with 30 newton (N) applied force, chemical analysis via optical photothermal
infrared (O-PTIR) + Raman spectroscopy, and stearate (black) or microplastic (MP, grey) spectral library matching using photothermal infrared

(PTIR) or Raman spectra.

method for identifying MPs down to <1 um in size.** As it was
not possible to analyze all particles on the substrate surface, we
adopted a subsampling strategy that targeted three random
locations for chemical analysis on each substrate. The goal of
this strategy was to obtain ~100 photothermal infrared PTIR
and Raman spectra from residues >0.5 pm in projected area
diameter from each substrate. Randomly generated coordinates
were used to collect chemical and optical information, and the
featurefindIR® (PTIR Studios v4.6) was used to tabulate particle
location and projected area diameter based on image contrast
(see SI Section SIII). On average, this collection led to random
chemical canvassing of 5% of the substrate area and comprised
~200 PTIR and Raman spectra per glove variety across two
replicate samples in six unique locations. To increase repre-
sentative sampling efforts for particle size information,* the
random optical imaging canvased an average 16% of each
substrate area.

PTIR and Raman spectra were preprocessed prior to library
matching, leading to the exclusion of low signal-to-noise ratio
(SNR) PTIR spectra, where signal could not be distinguished
from noise, and saturated Raman spectra (see SI Section SV).
The remaining PTIR and Raman residue spectra were matched
to an in-house reference library spectra comprised of stearate
standards with different metal cations (calcium, magnesium,
sodium, and zinc) and three common MP identities (high-
density polyethylene (HDPE), polypropylene, and polystyrene,
see SI Section SIV). Pearson correlation coefficient (PCC) was
used to calculate HQI, where the reference spectrum identity
with topmost HQI over a threshold of 0.7 (on a range of 0 to 1)
was accepted as the residue spectrum identity, mimicking
traditional library matching methods.****” It should be noted
that, by spectral matching, stearates were the dominant identity
of particles transferred from most glove surfaces, yet other
identities (in addition to HDPE, PS, and PP) were also present
(Fig. S38 and S39).

As conventional FTIR microscopes are limited by a spatial
resolution of ~10 um,***° but the average particle projected area
diameter in this study was 1.6 & 0.8 um (Fig. S46), we wanted to
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investigate if the agglomeration of these particles would influ-
ence FTIR measurements. For this purpose, a gloved (L1) hand
contacted an unused aluminum-oxide filter, which is extensively
used for single-particle micro-spectroscopy measurements in the
MP literature.”** Stearate contamination was evidenced by
Nicolet iN10 Infrared Microscope (Thermo Scientific) trans-
mission measurements (see SI Section SVII). In brief, the cooled
detector with 15 pm x 15 pm apertures were used to collect
signal (1350-4000 cm ™, 32 scans, 4 cm ™" resolution) of residues
present on the filter surface. Guidance and results from applying
the workflow established herein to p-FTIR spectra, rather than
PTIR spectra, is also presented (SI Section SVII).

Conformal prediction

Conformal prediction (CP) is a statistical method that guarantees
a user-defined theoretical confidence in a set of predictions.>**
This method is described in detail in the work of Clough and
Ochoa Rivera et al.*® In brief, CP uses a calibration set of identified
spectral data to create a distribution of HQI when matching to
a reference library (see SI Section SVIII). The HQI can be calculated
using any chosen similarity metric, such as PCC or nearest
neighbor (NN).* The user-defined theoretical confidence guar-
antee (e.g., 95%) describes a proportion of the HQI distribution,
effectively creating a new, data-driven HQI threshold that will be
used to evaluate predicted spectral identities. Next, a test set of
unidentified spectra is matched to the reference library. If the HQI
meets or exceeds the threshold described by the theoretical
confidence guarantee, the identity is added to the prediction set.
The user then has the same theoretical confidence guarantee that
the prediction set includes the true spectral identity of the
unidentified spectrum. This guarantee hinges on the assumption
that the HQI distribution of the calibration spectra is exchange-
able with that of the unidentified, test spectra (see SI Section
SVIII). Fortunately, the CP framework only serves to quantify
uncertainty in the prediction, meaning that only the performance
of the similarity metric is influenced by spectral quality. Herein,
we applied CP using NN similarity metric with a 95% theoretical

This journal is © The Royal Society of Chemistry 2026
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confidence guarantee to the Raman spectra of glove residues (see
SI Section SVIII).

Application to glove-contaminated environmental dataset

To illustrate dataset recovery, a mIRage O-PTIR + Raman vibra-
tional dataset containing 2653 spectra from passive atmospheric
particle collection in four Michigan locations in the spring of 2023
was used (see SI Section SIX). This dataset, collected according to
MP literature QA/QC recommendations, presents a case study to
differentiate stearates and environmental MPs, as aluminum-
coated silicon substrates were prepared within a laminar flow
hood with nitrile gloves (type N3), and the substrates were then
deployed for month-long periods in the environment to collect MPs
dry depositing from the atmosphere (see SI Section SIX). To illus-
trate the recovery of each signal, we followed the same pre-
processing pipeline outlined herein and used the mIRage MP
library to catalogue PTIR and Raman matches (HQI = 0.7) to
HDPE. This approach gave 38 PTIR matches and 110 Raman
matches that would have been identified as polyethylene when
following a traditional library matching routines.**” All spectra
were manually evaluated for predicted identities of “stearate”,
“HDPE”, and “uncertain”, where “uncertain” was assigned in cases
where low spectral fingerprint SNR or Raman fluorescence
impeded manual prediction, or in cases where the spectrum did
not appear to be either identity (see SI Section SIX). Spectra that
were manually assigned an “uncertain” identity were excluded
from automated predictions, as additional data would be required
for an analyst to manually assign an identity to each spectrum.
Separately, without consulting the manually predicted identities,
the topmost HQI of the extended fingerprint region (980-
1800 cm ') of the remaining 19 PTIR matches were calculated with
respect to the mIRage MP and stearate libraries. Similarly, CP, with
the NN similarity metric and a 95% theoretical confidence guar-
antee, was used to predict the identities of the remaining 21 Raman
HDPE matches (here used as a new test dataset) using the same
calibration set and theoretical confidence guarantee previously
employed.

The instrumentation and preprocessing workflow used
herein provided a strong framework for understanding how to
best differentiate stearate glove contaminants from

microplastic QA/QC

| recommended glove use
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environmental MPs. However, as the procedures and instru-
mentation in this study may be impractical for routine appli-
cations of the workflow, we also provide a simplified user guide
on method application and interpretability (see SI Section SX).

Results and discussion
Current glove use recommendations

After surveying the MP literature, we identified a total of 26
review articles (published 2018-2024) that included advice on
glove use as a QA/QC measure. Glove use was recommended by
81% of articles (Fig. 2). Notably, only two reviews mentioned
that contact with the sample should be limited. When
comparing reviews published before and after the Witzig et al.
findings that MP false positives arise from wet contact with
gloves (September 2020), there was only a modest 7% decrease
in articles that suggested gloves be worn to protect samples
(Fig. S1). In addition, there lacks a consensus on the best glove
material for MP research (Fig. 2). Latex gloves were the major
material (38%) recommended by reviews, and an increase in
latex recommendations was observed following the Witzig et al.
publication (Fig. S2). This shift is surprising, as Witzig et al.
showed similar rates of MP false positives from both materials,
and the rationale for latex gloves over other materials is
absent.*® Overall, there remains division among QA/QC recom-
mendations to the MP community regarding glove use, and our
results on glove-based contamination causing MP false posi-
tives via dry contact should enhance evidence-based decision-
making on MP sample protection measures.

Spectral identification of glove residues

Stearate salts are used as mold-release agents in glove
manufacturing,**** but may cause MP false positives by vibra-
tional micro-spectroscopy. To evaluate if dry contact with
laboratory gloves deposits stearates to a surface and if those
stearates lead to MP false positives when standard stearate
libraries are not used, the seven selected disposable laboratory
gloves (representing nitrile, latex, and nitrile cleanroom mate-
rials) were brought into controlled contact (30 N) with an
aluminum-coated silicon substrate, then chemically analyzed

recommended glove material

latex
(38%)

nitrile
(29%)

unspecified
(33%)

Fig.2 Results of microplastic quality assurance and quality control (QA/QC) review article literature search in terms of recommended glove use

(N = 26) and recommended glove material (N = 21).

This journal is © The Royal Society of Chemistry 2026
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with O-PTIR + Raman spectroscopy. Individual collected spectra
of glove residues were preprocessed and subjected to automated
library searches with both in-house MP and stearate reference
libraries. When following a traditional matching approach to
spectral identification using the topmost returned HQI as the
unknown spectrum's identity and exclusively comparing to MP
reference spectra, nearly all the tested gloves were found to
cause MP false positives, with HDPE being the dominant MP
identity recorded (Fig. S37). The number of false positives varied
significantly between samples, with the most prolific glove, L1,
releasing >7000 residues per mm? area that were mistakenly
identified as MPs when normalized to the area analyzed per
substrate and corrected to account for blank contamination (see
SI Section SXI). Glove-to-glove variability and contact point
topology likely influence the high standard deviation between
samples, giving a mean quantity of 2100 = 2400 false positives
per mm?” and 1800 =+ 2400 false positives per mm? for all gloves
by PTIR and Raman, respectively (Fig. 3a). Although some
variation can be seen between the number of matches by PTIR
and Raman signals, this discrepancy may be explained by the
differing proportions of spectra excluded in the separate pre-
processing pipelines (Fig. S11 and S13). This finding illustrates
that, when using the most common matching methodologies in
the MP literature (accepting topmost matching MP identity
above a 0.7 HQI threshold), common laboratory glove use will
likely cause overestimation of MP quantities through dry,
physical contact with laboratory materials.

a) glove residue spectra

match to stearate and VP libraries

View Article Online

Paper

When stearate reference libraries are used in place of MP
libraries, calcium stearate was the major predicted identity
(Fig. S36). As seen in Fig. 3b, the number of misidentified MPs
per sample translates almost directly to the number of stearates
released per unit area. While all gloves released non-volatile
residues as evidenced from optical image data (Fig. S36), both
CR and L3 samples release far fewer stearates, and thus
generate fewer false positives per unit area than other glove
varieties. While the CR gloves are advertised to feature low
particulate levels suitable for the ultrapure cleanroom envi-
ronment,* the explanation for why L3 releases so few stearates
is unknown, as the company indicated via personal communi-
cation®” that calcium stearate use was common with their
disposable latex glove manufacturing. Although using proce-
dural blanks alongside our provided stearate vibrational spectra
reference libraries may reduce MP false positives,*"***° stearate
contamination will unevenly impact samples due to glove-to-
glove variability and differences in applied pressure.
Researchers can expect stearate salts to be present on the
surface of common latex and nitrile laboratory gloves that
encounter laboratory materials, exposing an environmental
sample to potential MP false positives. Therefore, the best
practice to reduce stearate contamination and the potential for
overestimation of MPs in environmental samples is to avoid
glove use. However, if harsh reagents are necessary, researchers
should not hesitate to use gloves for personal protection; they
should opt for a glove that addresses occupational safety needs

normalize to analyzed area

' I
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Fig. 3 Library matching (a) workflow including matching unknown residue spectra to color-coded stearate (black) and microplastic (MP, grey)
reference spectra, normalizing results to analyzed area, and results of PTIR and Raman (b) MP (i.e., false positive) and (c) stearate spectral matches
per unit area for each glove, where error bars refer to the standard deviation between two replicate samples. CR refers to cleanroom, L to latex,
and N to nitrile glove materials. Samples with the same numeric abbreviation (e.g., L1 and N1) were sourced from the same manufacturer.
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while maintaining a low non-volatile residue release rate, such
as a cleanroom glove alternative.

Optical analysis of glove residues

Not only are the PTIR and Raman spectra similar between
stearate contaminants and microplastics, the physical charac-
teristics and morphology appear alike as well. Optical and
electron micrographs of glove residue (L1) and post-consumer
HDPE were collected (see SI Section SVI). A similar gradient in
contrast is observed via optical images from the mIRage system
for particles identified as HDPE and stearates (Fig. 4). Via tilt-
SEM, both non-volatile residues from glove contact and HDPE
are visualized to be ridged, thin particles that illustrate a film-
like morphology. The lack of distinguishing features high-
lights that identification based on optical or morphological
features is not possible. Size characteristics collected from the
dry, glove residues indicate a mean particle projected area
diameter of 1.6 + 0.8 pm (Fig. S47) and MPs in the lower size
class (<10 pm) are extremely relevant to environmental trans-
mission and critical health impacts.®**> With dry release of
stearates from laboratory gloves therefore disproportionately
overestimating MPs in this crucial, small size class, a method
capable of routinely distinguishing between plastic and glove
contaminant identities is required.

Modified spectral regions to identify contaminated infrared
datasets

While it was expected for stearate spectra to be indistinguish-
able from HDPE via Raman library searching due to the Raman-

imprinted glove residues

post-consumer HDPE particle

Fig. 4 Visually indistinguishable images of imprinted glove residues
and post-consumer high-density polyethylene (HDPE) particle via
mlRage 40 x optical objective (left) and scanning-electron microscopy
at 45° tilt (right).

This journal is © The Royal Society of Chemistry 2026
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inactive carboxylate vibration, a surprising result in our study
was the inability of traditional HQI approaches to distinguish
infrared spectra, where the carboxylate stretch (1550-
1580 cm ') of the stearate spectra is absent from HDPE
spectra.®®* When unidentified residue spectra are searched,
automated library matching algorithms produce high HQI
scores to reference spectra of both stearates and MPs, despite
the distinguishing stearate spectral feature (Fig. 5). Indeed, the
mean difference between topmost HQI scores =0.7 to stearate
and MP identities is only 0.01 for the PTIR data (Fig. S41). When
both the stearate and MP libraries are used as reference
libraries for the PTIR spectra, 66% of glove-based particle
spectra matched with higher HQI to stearate spectra than HDPE
spectra (Fig. S38). Contrarily, in the Witzig et al. publication,
nearly 90% of the infrared spectra were assigned stearate
identities by topmost HQI.** The difference in distinguishing
power is likely due to particle size. In our work, the vast majority
of residues are <2 pm in projected area diameter (Fig. S47),
whereas in the Witzig et al. study, 82% of particles released from
gloves soaking in water were between 5 and 20 pm.*®* The
smaller particle size leads to a lower SNR, causing the spectral
identification method to struggle with distinguishing noise
from recorded intensities.*>*5*%3-% Additionally, use of single-
particle PTIR reference libraries versus bulk plastic measure-
ments from a p-FTIR system influences matching results, as
traditional, topmost HQI-based spectral matching methods are
subject to influences beyond just changes in signal intensity
and peak position (e.g., instrument collection parameters,
particle size, and SNR),***%¢ indicating wholly different
spectral matches depending on the conditions employed (see SI
Section SXII). Combined, these studies indicate that stearates
are released from laboratory gloves under wet and dry condi-
tions, and their small size presents unique challenges in di-
stinguishing their identity from environmental MPs via
vibrational micro-spectroscopy.

Despite the distinguishing carboxylate vibration, traditional
HQI-based approaches struggle to differentiate stearate and
HDPE PTIR spectra. In addition, because variable glove contact
conditions preclude the use of a procedural blank correction as
a method to account for stearate contamination, more sophis-
ticated spectral methods are required to distinguish MPs from
contaminants. Specifically, one proposed solution to the chal-
lenge of spectral noise influencing similarity measurements is
restricting library searches to specific ranges of wavenumbers
where significant differences in vibrational peaks occur. This
method reduces the influence of regions with high spectral
similarity (e.g., peak shape or intensity) from outweighing other
factors of resemblance, such as peak position, and limits the
influence of noise falsely inflating HQI scores.®® This approach
has been previously used to decrease the influence of environ-
mental weathering and spectral noise on automated spectral
searching methods,**>7® and to increase compatibility between
unidentified spectra and reference spectra collected on
different instruments.®***’* When applying narrower spectral
ranges to the glove residue PTIR spectra, a distinction by
topmost HQI score was only possible between the two species
when the extended fingerprint (980-1800 ¢cm™ ') region was
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searched (Fig. 6). This finding shows that the high degree of
similarity in the C-H stretch region (2720-2980 cm ™) leads to
overestimation of MPs when traditional HQI-based matching
approaches are used without modification. As the spectral
fingerprint region is not reliable for all topmost-based HQI
traditional library searches,* infrared datasets that are sus-
pected to be glove-contaminated should first be traditionally
library matched with a MP reference library to differentiate
organic species (e.g., stearates and polymers) from inorganic
matter. Following this, the unidentified spectra that match
(HQI = 0.7) to MP references should then be truncated to the
extended fingerprint range (where the most vital distinguishing
peaks are present for organic species that exhibit similar C-H
stretch regions) and compared to references of both stearates
and MPs. Visual inspection should then be used to evaluate the
quality of automated predictions. Visual inspection is specifi-
cally important for weathered MPs, which may exhibit higher
carbonyl indexes than pristine polymers.”* Fortunately, the
location of the carbonyl peak of weathered PE (ie., 1680-
1800 cm™ ') is outside the carbonyl peak range observed of
stearate reference materials and glove-imprinted particles (i.e.,
1550-1580 cm ™ '),**7>7* and both automated differentiation (see
SI Section SVII) and visual confirmation of automated matches
will reduce false positives. Using modified spectral ranges and
the stearate spectral references supplied herein, traditional
library searching methods can thus be tweaked to address
glove-based contamination compounded by SNR impacts of
particles in these most critical MP size ranges.

Conformal prediction to identify contaminated Raman
datasets

Although previously reported to be “impossible to distinguish”
due to inactive carboxylate vibrations,*® higher acquisition
times led to differentiable peaks being resolved in the Raman
spectra of HDPE and calcium stearate (see SI Section SXIII for

2920 | Anal. Methodss, 2026, 18, 2914-2926

peak assignment). As seen in Fig. 7, when the spectral region of
1000-1600 cm " is further evaluated, a distinct stearate peak
relating to skeletal C-C stretching and C-C-C bending is visible
at 1106 cm™ ' and is absent from the HDPE spectrum.’”® This
peak is visible in all the stearate Raman reference spectra,
despite lower SNR due to fewer averaged integrations (see SI
Section SIV). Additionally, a C-H bending peak (relating to
chain packing) at 1416 cm ™" is visible in the HDPE spectrum
that is lacking in the calcium stearate spectrum.”” While this
peak may also be used as a tool to differentiate p-Raman spectra
of PE and stearates, the appearance of this peak is dependent
upon the crystallinity of the analyzed polymer.”® For pristine
HDPE and low-density PE (LDPE), distinction with this peak is
feasible due to the crystalline packing domains of the polymer;
however, linear low-density PE (LLDPE) spectra lack this crys-
talline peak due to frequent chain branches, making it more
challenging to distinguish contamination from LLDPE than
from other PE types.”®°

The small differences between stearate and HDPE reference
Raman spectra necessitate a more sophisticated method than
traditional library matching. While a recent effort improved on
HQI-based distinguishing of PE from stearic acid with machine-
learning methods,* this method was not extended to the salts
common in glove manufacturing and lacks uncertainty quan-
tification on the single-spectrum level. To fill this need, CP was
employed to return prediction sets of possible chemical iden-
tities for unidentified spectra that show similarity to multiple
reference spectra. Both Pearson correlation coefficient and
nearest neighbor similarity metrics were used with CP to
compare the performance of absolute and relative metrics with
the same 95% theoretical confidence guarantee (see SI Section
SVIII). In brief, relative metrics like NN reduce the number of
matches with high HQI scores, thereby reducing manual anal-
ysis of predicted identities to make NN more efficient than PCC
(Fig. S24). When the glove residue spectra were used with CP,

This journal is © The Royal Society of Chemistry 2026
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most prediction sets included both stearate and MP identities
(Fig. 8). However, as opposed to PCC, which assigned all glove-
based spectra both MP and stearate prediction identities, NN

View Article Online
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assigned nearly half with only stearate predictions. As a relative
metric, it is likely that NN is picking up on small differences
between the residue spectrum and the reference examples, such
as those indicated in Fig. 7, to better distinguish between MP
and stearate identities. Use of a more efficient metric like NN
indicates that stearate contamination is present in the Raman
dataset and reduces MP false positives due to blanket accep-
tance of reference identity with the topmost HQI score.

For cases of high similarity between spectral identities, CP
indicates when manual inspection is necessary to achieve
statistical confidence in particle identity by returning multiple
identities with close HQI scores. Raman datasets with suspected
glove contamination should therefore undergo analysis with CP
using the NN metric. As CP returns prediction sets on the single-
spectrum level and HQI is suggestive of identity rather than
prescriptive, prediction sets with both stearate and MP identities
present should be manually identified to recover the dataset. The
analyst may be able to discern the distinct Raman peaks between
identities (depending on the spectral resolution), or may opt to
collect additional information (e.g., infrared or thermal data) to
confirm the particle's identity. In this way, CP identifies
contaminated datasets and outlines the manual assessment
necessary to salvage the dataset at the individual spectrum level.
Conformal prediction can also be used with additional classi-
fiers, such as the machine-learning approach put forth by Lim
et al.,*® which exhibited high accuracy for fatty acid versus PE
classifications. Because CP is an uncertainty framework that
wraps around any metric, one can use any classifier for spectral
labeling and can compare metric performance using the
prediction set size and empirical confidence.*® Microplastic
researchers can adopt the CP workflow to recover contaminated
datasets by using the open-access code and user-guide provided
in the work of Clough and Ochoa Rivera et al. in conjunction with
the open-access stearate libraries provided herein.*

Application to glove-contaminated environmental dataset

To establish that the solutions put forth herein are suitable to use
with contaminated environmental datasets, we turned to
a collection of mIRage O-PTIR + Raman vibrational spectral data
previously acquired with the goal of quantifying atmospheric
microplastics in four Michigan locations (see SI Section SIX).

HDPE

calcium stearate

normalized intensity (a.u.)
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|

[

[
Y |
[
[
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Fig.7 Raman spectra of high-density polyethylene (HDPE) compared to calcium stearate, distinguishable via spectral features highlighted in the

blue, dashed region of the plot.
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Following literature recommendations, we wore nitrile gloves
(specifically, type N3). We used a laminar flow hood to prepare
aluminum-coated silicon substrates, as in the Methods section
herein, for passive atmospheric particle deposition. Chemical
analysis following the sampling campaign's collection periods
(see SI Section SIX) identified PE spectral library matches on
procedural blanks and revealed MP quantities far greater than
previously reported. Careful analysis of this dataset led to our
discovery of dry-contact transfer of stearates from gloves that
falsely inflated MP quantities via vibrational spectral matching.
While we could not use the dataset for its intended purpose, it
demonstrates how real-world samples can be impacted by glove-
based contamination even when standard MP protocols are used.
Using this data, we present a case study for the application of our
solutions to glove-contaminated environmental datasets with
small (<10 um) MPs, where spectral data quality can impede
quantification efforts at this most critical size class.

Following a traditional matching approach, we first used the
mlIRage MP library to identify HDPE matches (PCC, HQI = 0.7)
for each preprocessed signal. Next, an analyst manually assigned
identities of “stearate” or “HDPE” for all spectra where distinc-
tion was possible (see SI Section SIX). Treating each signal
separately, we then compared the automated predictions from
our proposed recovery workflows (i.e., extended fingerprint-based
PCC HQI comparison for PTIR spectra and CP with NN and
a 95% theoretical confidence guarantee for Raman spectra) to the
analyst's predictions. As evidenced in Fig. 9a, the modified
regions of spectral comparison successfully identified all 14
stearate examples in the PTIR environmental dataset. However,
the automated prediction for PTIR HDPE spectra agreed with the
analyst assignment for only three of the five spectra, indicating
that the method may better indicate contaminant presence (i.e.,
false positives) than HDPE presence (i.e., true positives) in the
sample. We hypothesize that the mismatch in PTIR automated

2922 | Anal. Methodss, 2026, 18, 2914-2926

prediction performance between identities is due to noise or
aging artefacts in the HDPE spectra being mistaken as carbox-
ylate vibrations by the similarity metric (Fig. S28). In our sug-
gested workflow, visual confirmation of the automated results is
expected to reduce the occurrence of HDPE false negatives. With
the Raman environmental dataset, the 95% theoretical confi-
dence guarantee CP prediction agreed with the analyst prediction
for five HDPE spectra (Fig. 9b). For the other 16 spectra, the
prediction set contained both HDPE and stearate identities,
indicating that additional data may be required to differentiate
the identities within the prediction set. To obtain this result, in
which the automated prediction is more cautious than the
trained analyst to identify environmental MPs, is valuable when
identifying false positives in the smallest MP size ranges, where
spectral quality diminishes as health and environmental impact
surges. As in our workflow, CP prompts the analyst to review the
spectrum for distinguishing peaks between predicted identities,
and/or collect additional data to support the identification.

While we separately processed the PTIR and Raman spectra
belonging to the environmental particles to highlight the appli-
cability of the recovery workflows to independent infrared and
Raman datasets, access to both the PTIR and Raman predictions
for ten particles gave additional insight into the performance of
the distinction methods with environmental data. Of the ten
examples, there were three instances where the manual and
automated predictions for PTIR and Raman disagreed. These
three particles were predicted to be stearate contaminants based
on PTIR spectra, yet were identified as HDPE based on Raman
spectra. Upon inspection, the PTIR predictions were manually
validated over the Raman predictions, which may have been
incorrect due to reduced spectral quality compared to lab-
generated Raman data and/or environmental aging, which can
disrupt molecular crystallinity and reduce the intensity of di-
stinguishing spectral peaks (Fig. $32).5%%2

This journal is © The Royal Society of Chemistry 2026
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To formally investigate the role of Raman data quality in the
recovery workflow, we randomly selected a small number (=5)
of HDPE and stearate Raman spectra from the mIRage reference
library and, using the same CP conditions as employed with the
environmental data, repeated the random selection of spectra
and generation of prediction sets 500 times (see SI Section SIX).
Understanding the true identity of each spectrum allowed us to
calculate both the mean prediction set size (i.e., the number of
predicted identities) and the mean empirical confidence (i.e.,
the proportion of instances where the true identity is in the
prediction set) for each reference identity. With this dataset,
which exhibited notably higher spectral quality than the envi-
ronmental dataset, CP achieved empirical confidence of greater
than 93% for all identities, with a mean prediction set size of
less than two identities (Fig. S33). This finding highlights the
significance of data quality in predicting spectral identity,
particularly when applied to environmentally aged particles. For
Raman spectra, where distinction between stearate and HDPE
identities is particularly challenging, high spectral data quality,
especially where distinguishing peaks may be present (i.e., 1416
and 1106 cm ™) is essential (see SI Section SIX). When working
to recover stearate-contaminated environmental MP datasets
from the most analytically challenging MP size range, tech-
niques that provide complementary identification data, such as
O-PTIR + Raman,” and analysis routines that involve uncer-
tainty quantification, like CP,* are pivotal to reduce MP false
positives and better estimate environmental MP quantities.

Conclusions

In this work, we illustrated that dry contact with nearly all tested
laboratory gloves impart stearate residues to a touched surface
that lead to overestimating environmental microplastic quan-
tities when using traditional topmost hit quality index-based

This journal is © The Royal Society of Chemistry 2026

approaches to spectral identification. Departing from previous
studies, which indicated that stearates can be distinguished by
infrared spectroscopy, our study indicates that the smaller size
of stearates imparted by dry contact (<2 um) cannot be distin-
guished from infrared nor Raman microplastic reference
spectra with traditional library matching methods due to lower
signal-to-noise ratios. We recommend that future microplastic
quantification campaigns avoid glove use entirely, when
possible, or employ gloves with low particle release rates. When
glove use is unavoidable due to the need for personal protec-
tion, distinguishing between microplastic and contaminant
species will require a data analysis routine (ie., modified
spectral matching ranges and/or conformal prediction) more
apt for this task than routine acceptance of a reference identity
with topmost hit quality index.

To address the potential for overestimation of microplastic
environmental quantities due to laboratory glove use with
traditional spectral matching methods, we demonstrated that
data analysis routines specific to the technique of spectral
collection can address the high spectral similarity between
stearate species and microplastic identities. We also evidenced
the recovery of glove-contaminated environmental data,
wherein the proposed methods successfully reduced MP false
positives and provided insight into how data quality dictates
method performance. While this article focused on the abilities
of automated methods to identify vibrational spectra, manual
assessment of spectral similarity remains key to correctly pre-
dicting chemical identity. By providing open-access reference
libraries of various stearate species and a framework for
assessing contaminated infrared and Raman vibrational spec-
tral datasets, we implore microplastic researchers to address
glove-based contamination and avoid overestimating micro-
plastic pollution in the environment.

Anal. Methods, 2026, 18, 2914-2926 | 2923
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