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molecular mixtures from liquid-phase infrared
spectra

Yannah J. U. Melle, ab Thanh Nguyen, c Jeffrey Lopez *c and Daniel Schwalbe-
Koda *a

Interpreting spectroscopy data is a critical bottleneck in automating chemical research and industrial

characterization. Particularly within infrared (IR) spectroscopy, identifying compounds in complex, liquid-

phase chemical mixtures largely relies on expert knowledge, as variable peak assignment, broadening,

and shifts hinder data-driven methods. Here, we show that an algorithmic approach can identify

components in both simulated and experimental mixture spectra with high accuracy despite

nonlinearities in liquid-phase IR data. The method is comprehensively benchmarked with a dataset of

over 44 000 simulated liquid-phase IR spectra for mixtures and achieves up to 90% accuracy in

identifying molecular components across a dataset of binary and ternary liquid mixtures. Our strategy is

robust to perturbation of spectra, and its accuracy is capped by near-identical liquid-phase IR spectra

that limit the resolution of chemical identification, imposing theoretical limits on achieving perfect

accuracy in structure identification. Finally, we apply the method to automatically interpret IR spectra in

experimental settings, correctly identifying the components of nearly all samples within a blind study.

This work provides tools and data to advance automated chemical laboratories through algorithmic

interpretation of liquid-phase IR spectra of mixtures.
1 Introduction

Identifying the constituents of molecular liquids is essential for
the study and design of chemical formulations across applica-
tions, from biomedical and pharmaceutical research to energy
materials.1–3 In principle, sufficient and high-resolution char-
acterization data can unambiguously determine all components
of a liquid mixture and elucidate their intermolecular interac-
tions. Infrared (IR) spectroscopy is one of the core tools used in
chemistry to identify unknown compounds and functional
groups in liquid-phase mixtures.4,5 The technique is fast,
nondestructive, and can be paired with complementary
measurements such as nuclear magnetic resonance (NMR) and
mass spectrometry (MS) to monitor reactions, analyze mate-
rials, and identify products in chemical reactions and chemical
processes, including under operando conditions.

Many experimental IR datasets for pure gas- and liquid-
phase spectra are available in standardized digital formats
through sources such as the NIST Chemistry Webbook,6 the
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NIST Quantitative Infrared Database,7 and the Japanese AIST
Spectral Database for Organic Compounds (SDBS).8 While these
datasets provide reference spectra, their limited coverage of
chemical space and restricted accessibility constrain their use
for large-scale computational analysis and data-driven
modeling. Consequently, compound identication in molec-
ular mixtures using IR spectra relies on expert-driven work-
ows, including identifying and interpreting spectral signatures
using comprehensive functional group tables, performing
simplied density functional theory calculations, and con-
ducting pattern-guided searches over a large space of spectra.5

As chemical laboratory automation and liquid-phase handling
continue to advance, the limited ability to automate the inter-
pretation of characterization data becomes the main bottleneck
in chemical analysis.

Automation challenges go beyond data availability to the
fundamental physics of vibrational spectroscopy. Spectral peak
positions and intensities are sensitive to local thermodynamic
conditions, intra- and intermolecular interactions, and anhar-
monic phenomena such as hot bands, overtones, and vibra-
tional coupling.5 As a result, structure identication from IR
spectra is better posed in the gas phase than in the liquid phase.
Highly reproducible measurements and sharp and distinct
peaks characteristic of the gas phase allow near-unambiguous
characterization of compounds. In contrast, liquid phase
spectra reect a broader distribution of molecular
Chem. Sci.
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environments and geometries, giving normal modes a range of
frequencies whose overlap broadens and blurs vibrational
features. Liquid mixtures further encode the molecular envi-
ronment directly in the IR spectrum: they exhibit peak shis
and broadening relative to their gas-phase counterparts, and
a mixture spectrum cannot always be modeled well as a simple
weighted sum of its constituents. Developing data and methods
is therefore essential for automating chemical characterization
across phases and components.

Historically, chemometric methods based on partial least
squares (PLS) have been widely used for predictive modeling of
liquid-phase mixtures from IR spectra across pharmaceutical,
fuel, and food applications,9–12 with numerous small-scale
studies demonstrating effective property prediction or
classication.13–15 However, their performance depends strongly
on spectral preprocessing, reference measurements, and the
chemical scope of calibration data, thereby restricting applica-
bility to a very limited, case-by-case basis.16–18 Furthermore, few
large-scale, chemically diverse, liquid-phase spectroscopic
datasets have been evaluated with PLS to test these limitations.
Partial least squares is used to learn statistical covariances
between spectra and properties rather than to enforce a physi-
cally constrained mixture model. As a result, while PLS remains
useful for liquid-phase spectroscopic analysis, it functions as
a pattern recognition-based regression method as opposed to
a molecular identication model capable of explicitly repre-
senting mixture composition and component identities. Simi-
larly, other least squares methods have been used to
deconvolute mixture IR spectra, but only for narrow chemical
domains.19–24

More recently, gas-phase synthetic spectral datasets and
machine learning (ML) have been developed to perform struc-
ture elucidation from experimental spectra.25–28 Such tools have
led to establishing spectral-to-structure maps in the gas phase
and have supported limited structure prediction from pure-
component IR spectra.25,26,29–31 Additionally, data-driven
models have been shown to successfully predict the compo-
nents and concentrations of gas-phase mixtures from spectra
with moderate to high accuracy,32 with only limited demon-
strations extending to liquid-phase synthetic and experimental
data.33 Synthetic spectral generation has also advanced through
neural network models capable of predicting infrared spectra
from molecular structure in the gas phase to support inverse
spectral analysis.34–36 Despite these advances, accurate molec-
ular identication from liquid-phase spectra remains insuffi-
cient for reliable use in practice.

This context highlights two knowledge gaps. On the data
side, broader and standardized datasets are needed to under-
stand and evaluate the performance of liquid-phase IR analysis
and to enable training newer ML models in the high-data
regime. On the modeling side, the limits of traditional algo-
rithms for deconvolving liquid-phase IR data remain unclear
beyond narrow chemical spaces, leaving even baseline perfor-
mance unestablished. In this work, we develop a dataset con-
taining over 44 000 simulated, liquid-phase IR spectra to
quantify peak shiing in chemical mixtures, and we develop
algorithms to automate chemical identication from mixture
Chem. Sci.
spectra. We show that the non-negative least squares (NNLS)
algorithm correctly identies compounds in both gas- and
liquid-phase simulated and experimental IR mixture spectra.
Interestingly, the NNLS algorithm does so with high accuracy
despite nonlinearities in mixing. This result remains robust to
spectral perturbations, including noise and articial peak shis
applied to the pure-component spectra. Component identi-
cation reaches 100% in gas-phase mixtures but is limited in
liquid-phase IR, with an optimistic performance of up to 90%
accurate identication. We show that identication accuracy is
bounded not by algorithmic performance, but by near-identical
liquid-phase IR spectra that yield degenerate solutions to
mixture deconvolution. By characterizing these degenerate
solutions, we indicate a potential theoretical limit to spectral
deconvolution that may require additional measurements or
information to accomplish component identication in the
liquid phase. We show how our strategy can be useful in prac-
tice to deconvolve mixture IR spectra from multiple experi-
mental samples. In a small-scale blind study where
experimental sample identities were withheld during analysis,
our algorithm correctly identied the compounds in nearly all
experimental samples, demonstrating its applicability in prac-
tical settings. In addition to the dataset and quantitative base-
lines, we discuss potential limitations to the scalability of
characterization and molecular identication in automated
laboratories.

2 Results
2.1 Rationalizing peak shis in simulated gas- and liquid-
phase IR spectra

To quantify and rationalize the magnitude of peak shis in
simulated IR spectra of gas- and liquid-phase molecules, we
created a dataset with 8880 pure gas-phase and 8550 pure
liquid-phase spectra using classical simulations (Section 5.1).
Examples of simulated gas- and liquid-phase spectra for 3-(di-
hydroxymethyl)piperidine (molecule A) and 4(5)-vinylimidazole
(molecule B) are shown in Fig. 1a. When comparing the gas- and
liquid-phase spectra across both pure components and
mixtures, several features can be observed. Liquid-phase
spectra exhibit spectral broadening relative to the sharp peaks
observed in the gas phase in the ngerprint region between
0 and 2000 cm−1 for both molecules. For the A + B mixture, the
IR spectrum simulated using equal molar amounts of each
molecule is not equivalent to the sum of their pure-component
liquid-phase spectra, as shown in Fig. 1b. This shows how
intermolecular interactions in the mixture can obscure clear
peak assignments of individual components in complex
mixtures and give rise to nonlinear mixing behavior character-
istic of the liquid phase.

In addition to thesemixture effects, liquid-phase spectra also
show clear shis in peak positions relative to their gas-phase
counterparts. Fig. 1c depicts how the gas-phase peak around
4100 cm−1 for molecule A red-shis when simulated at the
liquid phase. To systematically quantify the magnitude and sign
of peak shis, we normalized each molecule's gas- and liquid-
phase spectra to unit area and computed the difference
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 MD-generated gas- and liquid-phase pure and mixture IR spectra and cumulative intensity difference metric analysis. (a) Simulated gas
and liquid spectra for 3-(dihydroxymethyl)piperidine (molecule A) and 4(5)-vinylimidazole (molecule B). (b) Simulated mixture spectrum of
a liquid-phase mixture of molecule A and B (bottom) and the equal weight linear combination (average) of the two molecular spectra (top). The
linear sum is not equivalent to the true simulated mixture. (c) Raw and cumulative intensities of molecule A's gas- and liquid-phase spectra
between 4150–3800 cm−1, illustrating the gas-to-liquid peak shift and broadening. (d) Fragment-driven differences between gas and liquid
spectra. Distributions and per-core means of fragment-level z-scores for the cumulative distribution function (CDF) between gas- and liquid-
phase spectra. Molecules are decomposed into a Murko-scaffold “core” and their largest remaining fragment. Average CDF values are stan-
dardized (z-score) within each core, removing core-specific effects and isolating fragment-dependent contributions. The white dots represent
the average of each distribution. (e) Mode-specific relative composition of the most common co-fragments for molecules containing
a carboxylic acid fragment (O]CO). Molecules are assigned to one of twomodes by fitting a two-component Gaussian to their per-core z-score
cumulative intensity differences.
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between their cumulative distribution functions (CDFs), where
the sign measures the direction of the shi (Section 5.5.1).
Using the average distance between CDFs, we then analyzed the
dataset for trends in peak shis and broadenings between both
spectra. To probe the structural dependence of these phase-
dependent spectral shis, each molecule was decomposed
into its Murcko scaffold “core” and its largest remaining frag-
ment. Fig. 1d highlights how the average CDF difference
captures fragment-dependent peak shis that are consistent
with known phase-dependent intermolecular interaction
differences. Molecules whose largest fragments are hydrocar-
bons or halogens exhibit smaller average CDF differences
between their gas- and liquid-phase spectra, consistent with
their weaker intermolecular interactions and lack of hydrogen
bonding. In contrast, fragments such as amines, carboxylic
acids, and alcohols show substantial peak shis and broad-
ening from the gas phase to the liquid phase.

Notably, for some fragments, the distribution of z-scores of
the mean CDF differences is bimodal, indicating two subpop-
ulations with different interaction strengths. Decomposing the
molecules in these modes into their full fragment compositions
reveals distinct compositional differences between the modes,
as illustrated in Fig. 1e. Molecules in mode 1 contain more co-
fragments that contribute weakly to gas–liquid spectral differ-
ences; for instance, methyl and chlorine fragments co-appear
more frequently in mode 1 than in mode 2, explaining their
© 2026 The Author(s). Published by the Royal Society of Chemistry
lower average shis. Conversely, molecules in mode 2 contain
more carboxyl, alcohol, and amine co-fragments, which account
for their higher average peak shis. This demonstrates that
peak shis in simulated liquid-phase IR spectra can be ratio-
nalized according to known intermolecular interaction trends,
while the emergence and structure of their distributions are not
predicted by chemical intuition alone.
2.2 Robustness of deconvolution of simulated IR spectra of
mixtures to small shis

Given that IR spectra of mixtures oen deviate from linear
interpolations of pure-component spectra due to liquid-phase
peak shis (Fig. 1), decomposing molecular mixtures into
individual components is typically deemed non-trivial. We
therefore tested whether linear algorithmic approaches can
succeed in predicting molecular components from an unknown
IR spectrum even in the presence of non-linearities in the data.
Fig. 2a illustrates the main method tested in this work, where
components of each mixture spectrum are predicted using
linear algorithms and a “basis set” of pure-component spectra.
Using the gas-phase pure-component spectra as the basis set,
the components of 30 000 gas-phase and 26 996 liquid-phase
mixtures were predicted. Using the liquid-phase basis set,
molecular constituents of 27 657 two-component and 7985
three-component liquid-phase mixtures were predicted.
Chem. Sci.
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Fig. 2 Identification accuracies of unknown components of two-component liquid-phase mixtures from simulated IR spectra, using MD-
generated simulated pure-component IR spectra. (a) Workflow to identify unknownmixture components from a liquid-phase mixture spectrum.
Given an unknown spectrum and our database of pure-component spectra, an algorithm is used to predict mixture components. (b) Prediction
accuracies using NNLS, LS, and regularized variants to identify two-component mixtures. Gas- and liquid-phase mixtures were predicted using
both gas and liquid pure-spectra basis sets, with NNLS achieving the highest liquid-phase accuracy. (c) Prediction accuracies using NNLS for gas
and liquid phase mixtures as a function of spectral peak shifts. (d) Examples of spectra with increasing peak shift magnitudes (in cm−1).
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Predicted mixture components were obtained by ranking the
coefficients by magnitude and selecting the top two (binary) or
three (ternary) values, matching the known number of compo-
nents in each mixture.

Each pure-component basis set included spectra for all mole-
cules present in the mixtures, along with an equal number of
spectra from molecules not appearing in any mixture, selected at
random. Each dataset of mixture-basis set combinations was
evaluated eight times, using a different random selection of
additional molecular spectra in each iteration, shown in Fig. 2b.
Gas-phase mixtures are predicted with the highest accuracy,
reaching up to 100% accuracy with zero standard deviation across
prediction runs. This result reects the linear additivity of gas-
phase spectra: sharp and distinct peaks arising from non-
interacting molecules make each spectrum perfectly distinguish-
able, allowing linear unmixing algorithms to recover the exact
components under a linear mixing assumption. For liquid-phase
mixtures, using pure gas-phase spectra as the basis set yields
a prediction accuracy of only 15.4% (Fig. S1), indicating that gas-
phase spectral signatures differ too substantially from their
liquid-phase counterparts to serve as effective reference data for
deconvolving condensed-phase mixtures. This limitation persists
even when the gas-phase data are articially broadened (Fig. S1).
When using a basis set of pure liquid-phase spectra that captures
liquid-phase spectral effects, NNLS identies liquid-phasemixture
components with 73.6% accuracy, outperforming all other
algorithms.

Given the reasonable success of NNLS in identifying mixture
components despite peak shis arising from gas-to-liquid
Chem. Sci.
phase mixing behavior, we quantied the robustness of this
algorithm by deliberately introducing random shis into liquid-
phase pure-component spectra used to construct mixtures
(Section S2.2). Fig. 2c shows that liquid-phase mixtures tolerate
slightly larger frequency shis than gas-phase mixtures. While
any peak shi is expected to reduce identication accuracy, the
greater tolerance observed for liquid-phase deconvolution
under moderate wavenumber shis is consistent with broader
liquid-phase spectral features, which make them less sensitive
to small positional shis. In contrast, sharper gas-phase peaks
would be expected to be more vulnerable to small positional
perturbations that disrupt features essential for accurate
deconvolution. However, gas- and liquid-phase identication
accuracy degrades at similar rates, with accuracy remaining
above 80% for random peak shis up to 8 cm−1. While both
phases show a rapid decline in accuracy beyond approximately
15–20 cm−1, gas-phase identication accuracy remains consis-
tently lower than that of the liquid phase across all shis,
reecting greater sensitivity to deviations in peak positions.
Fig. 2d illustrates how small shis still preserve many of the
original spectral features, while larger shis produce
pronounced spectral changes that coincide with the observed
loss in identication accuracy.
2.3 Accuracy limits for deconvolution of IR spectra of
mixtures with linear methods

Considering that NNLS can deconvolve spectra of liquid-phase
mixtures with meaningful accuracy (Fig. 2b), we assessed the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Two-component liquid-phase mixture identification accura-
cies obtained with NNLS as a function of pure liquid-phase spectra
dataset size and prediction criteria. (a) Identification accuracies as
a function of pure liquid-phase basis set size. Accuracy is reported for
identifying all true components from the largest k = 2–5 NNLS coef-
ficients compared with the interpolation baseline, which selects the
top two coefficients from a brute-force convex interpolation over all
spectrum pairs. For k = 2, NNLS achieves higher identification accu-
racy than the interpolation baseline across all dataset sizes. (b) Iden-
tification accuracies as the prediction criterion increases from k = 2–
10 are evaluated by (i) requiring all true components to appear within
the top k, (ii) requiring at least one (any) true component appears
within the top k coefficients, and (iii) applying an atom-count filter that
restricts candidate components whose combined atomic composi-
tionsmatch themixture's atom count (as would be available frommass
spectrometry (MS)).
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limits of structure identication with this method. First,
correctly identifying all components of a mixture is the strictest
measure of accuracy for an algorithm. In practice, however,
identifying a set of candidate molecules with similar spectral
features (and thus structural motifs) can already support indi-
rect peak assignment and interpretation of spectral data.
Second, linear algorithms rely on a spectral database (Fig. 2a),
whose size can vary and constrain identication accuracy. To
quantify the limits of accuracy under relaxed criteria and
dataset sizes, we evaluated two accuracy metrics: (1) both true
molecules are within the top-k molecules predicted by the
algorithm; or (2) any of the true mixture components is within
the top-k molecules predicted by the algorithm. Fig. 3a
compares how the accuracy of NNLS varies as a function of k
© 2026 The Author(s). Published by the Royal Society of Chemistry
and the dataset size under criterion (1). At the smallest dataset
size (i.e., the minimum number of pure components needed to
fully identify all mixtures), NNLS correctly predicts 77% of
mixtures when k = 2, corresponding to exact recovery of the
mixture. Accuracy increases to 89% when both true molecules
are within the top-5 candidates. When the dataset of pure
spectra is increased to the maximum size in this study of 8528
spectra (26 times larger than the minimum dataset size
needed), NNLS identies both true molecules with 64% accu-
racy when k = 2 and with 80% accuracy when k = 5. The algo-
rithm's performance rst plateaus before declining to lower
accuracies, indicating the increasing difficulty of identifying the
correct components as the candidate space grows. On the other
hand, the “brute-force” interpolation approach, which evaluates
all molecular pairs independently (Section 5.3), resulted in
a monotonic decrease in accuracy from 70% to 54%.

At the largest dataset size, we examined the NNLS accuracy
under a range of evaluation strategies to characterize achievable
performance. Incorporating an atom-type lter during evalua-
tion substantially improved performance at the largest pure
dataset size, increasing the top-2 accuracy from 64% to 72%
(Fig. 3b). Computationally, this lter prioritizes pairs whose
elements are known to be present in the mixture, narrowing the
pool of candidate molecules (Supplemental methods S2.3).
Experimentally, the presence or absence of atoms that
frequently confound NNLS (such as I vs. Cl) is oen known. In
cases of true unknown identication, elemental analysis can
readily provide the required information to distinguish between
two candidate molecules. To test whether the observed accuracy
limit reects NNLS failing to recover the true components
entirely, we assessed whether either of the correct molecules is
recovered among top-k candidates predicted by the algorithm.
In this case, Fig. 3b shows that the accuracy of the algorithm is
nearly perfect, at 99.1% for k = 5, demonstrating that NNLS
almost always identies at least one of the true components
from the mixture IR spectrum. Practically, this accuracy is
sufficient for dramatic acceleration of interpretation of IR
spectra compared to traditional manual functional group
analysis. The small remaining accuracy gap suggests that
further gains may be limited not only by the algorithm, but also
by the underlying spectral data.
2.4 Characterizing misidentication proles and spectral
ambiguity

To explain the accuracy limits in Fig. 3b, we analyzed which
molecules are oen misidentied by NNLS. We categorized
false positive misidentications according to classes depicted
in Fig. 4a. False positives tend to occur due to (1) structural
isomers, i.e., molecules with the same chemical formula but
different atomic arrangements; (2) single atom substitutions,
where one element is replaced by another; and (3) molecules
that differ only in total carbon count where the false positive has
one more or one fewer carbon than the true positive. Together,
these cases explain about 35% of all false positives predicted by
NNLS (Fig. 4b). The remaining 65% of false positives fall into
the “other” category and involve molecules that share similar
Chem. Sci.
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Fig. 4 Misidentification profiles for predicting all components in two-component liquid-phase mixtures using the top k = 2 NNLS coefficients.
(a) True vs. falsely predicted components for characteristic misidentification examples: (i) a predicted component differs by the addition or
removal of a carbon relative to the true component; (ii) a predicted component is an isomer of the true component; (iii) a predicted component
differs by one-atom substitution; and (iv) misidentification not covered by (i)–(iii). (b) Percentage of two-component mixtures that were mis-
identified when using the top k = 2 NNLS coefficients to identify both components, aggregated across pure-component dataset sizes. “Mixed”
indicates mixtures where multiple misidentification categories (carbon difference, isomer, substitution) apply to the true-false component pair.
(c) Molecules closest to the true component, 4-(dihydroxymethyl)piperidine, by spectral distance (MSE). The spectral similarity among these
molecules makes them ambiguous to the NNLS algorithm that minimizes squared error (MSE-equivalent). The variable “n” indicates the number
of times the nearest neighbor molecule was incorrectly predicted instead of the true component, across all evaluated mixtures and pure-spectra
dataset sizes. (d) Spectra of the molecules in (c) and their spectral distance (MSE) from the true component spectrum (baseline), with corre-
sponding misclassification profile labels.
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molecular characteristics despite being structurally dissimilar.
One such example is 2-methylpropanimidamide and
piperidine-3-carboximidamide (Fig. 4a), two carboximidamides
that are structurally distinct yet have very similar simulated IR
spectra. The common C]N bond and amine functional groups
result in similar major features of the spectra, while the char-
acteristic peaks of the piperidine ring overlap with the broad
amine peak (3200–3300 cm−1) and C–H/C–C peaks. These
overlaps result in a mean squared error (MSE) difference of 7.3
× 10−7 cm−1 between the true and false positive spectra.

Fig. 4c and d further illustrate this spectral ambiguity by
comparing the rst three nearest spectral neighbors of a repre-
sentative molecule (4-(dihydroxymethyl)piperidine), identied
using the MSE between liquid-phase IR spectra. The resulting
MSE values, on the order of 10−8 to 10−7, are much smaller
compared to the average MSE between two arbitrary molecules,
7.16 × 10−6 cm−1. These small errors illustrate how distinct
molecular structures can produce nearly indistinguishable
liquid-phase IR spectra, leading NNLS to assign false-positive
identications. Fig. 4d emphasizes the degree of spectral
similarity among these nearest neighbors, particularly the
Chem. Sci.
“isomer” and “replacement” misidentication spectra, where
differences are primarily limited to changes in relative peak
intensities. When small structural variations make molecules
effectively indistinguishable in liquid-phase IR spectroscopy,
misidentication reects limitations in the discriminative
information available from spectra rather than limitations of
the prediction algorithm itself. This suggests that the accuracy
limits reported in Fig. 3 arise from intrinsic constraints of linear
mixture deconvolution applied to liquid-phase IR spectra. Thus,
misidentication of liquid-phase IR data must be interpreted
carefully, even though accuracies approaching 90% already
enable reasonable automation of molecular structure
deconvolution.

2.5 Interpreting NNLS coefficients to evaluate component
contributions and identify n-component mixtures

Although the analysis thus far has been performed on binary
mixtures, the methods are, in principle, applicable to mixtures
containing an arbitrary number of components. Using 7,985
simulated spectra of three-component liquid-phase mixtures,
the NNLS algorithm correctly identied all three components
© 2026 The Author(s). Published by the Royal Society of Chemistry
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within the top k = 3 candidates with an accuracy of 73%
(Fig. S2). Despite the presence of similar misidentication
proles discussed in Section 2.4, the identication accuracy of
NNLS for these mixtures remains comparable to the results
shown in Fig. 3 for two-component mixtures. This suggests that
the algorithm can be applied for automated identication
pipelines without further modication.

When the number of components in a mixture is unknown,
the coefficients obtained from NNLS deconvolution can be used
to infer both the number of components present and their
relative contributions to the resulting mixture IR spectrum.
Starting from a spectrum with zero intensity, pure component
spectra are added sequentially in decreasing NNLS coefficient
order, each weighted by its predicted coefficient. Then, the
cumulative variance of the total spectrum that is explained aer
each added component hints at the likely number of true
components (Fig. 5a). Once all real components have been
included, the explained variance fraction plateaus and
Fig. 5 Fraction of mixture spectra explained by components ranked
by decreasing NNLS coefficient for two- and three-component liquid
mixtures. (a) Average cumulative and incremental percentage of the
explained spectrum across all two- and three-component liquid-
phase mixtures, ranked in decreasing NNLS coefficient order, as
a function of basis set size with associated errors. (b) NNLS coefficients
for the top six components and the percentage of the spectrum
explained for a three-component liquid mixture. The plateau in the
explained-spectra curve indicates the likely number of components in
the mixture, as additional component spectra weighted by their
coefficients do not further contribute to explaining the mixture.

© 2026 The Author(s). Published by the Royal Society of Chemistry
additional components yield minimal improvement. Fig. 5b
exemplies this behavior. Although at least six molecules have
non-zero coefficients, the cumulative explained variance satu-
rates aer the third component. Additional metrics described in
the SI (Section S1.4) suggest that, within reasonable signal-to-
noise thresholds, n-component mixtures may be analyzed
even when the number n is unknown a priori.
2.6 Structure identication for experimental mixture IR
spectra

To demonstrate the applicability of the present analysis beyond
simulated spectra, we performed a blind study to predict both
the identities and number of components in experimentally
prepared two- and three-component liquid-phase mixtures. Our
experimental team prepared nine different mixtures and
collected experimental IR spectra for the pure compounds and
their mixtures, composed of common laboratory solvents, as
shown in Fig. 6a. Then, the computational team ranked and
predicted the components of the mixtures using the methods
discussed in previous sections. Aer unblinding the results, we
noticed that the NNLS approach accurately identied all true
components within the top k = 2 or k = 3, effectively decon-
volving the real mixture spectra when reference pure-
component spectra are available. Fig. 6b illustrates predic-
tions for three experimental mixtures along with the NNLS
coefficients used to infer how many components are present in
each mixture. Fig. 6c showcases how the reconstructed IR
spectra change as components are added sequentially, weighted
by their NNLS coefficient. For example, in the three-component
mixtures (le and middle panels in Fig. 6b and c), a peak
present in the mixture spectrum appears only aer the third
component spectrum is added to the cumulative reconstructed
spectrum (green box). On the other hand, in the two-component
mixture case (right), characteristic mixture peaks are already
reproduced aer the rst two component spectra are added.
The second mixture in Fig. 6b and c also exhibits a peak shi in
the C]O stretch near 1600 cm−1 between the cumulatively
weighted spectrum including all three components and the
experimental mixture (blue box), indicating that the third
component introduces a shi consistent with the observed
experimental mixture spectrum and is accurately captured by
the linear algorithm. Thus, beyond correct identication,
analysis of component contributions and coefficient rankings
provides a framework for interpreting complex experimental
mixtures that enables automated identication of liquid-phase
mixtures in laboratory settings.
3 Discussion

Interpreting liquid-phase IR spectra oen requires identifying
nonlinearities that can be explained by intermolecular interac-
tions or chemical arguments, hindering automation of spec-
troscopic analysis. Despite the existence of these nonlinearities
in spectral data, this work shows that linear decomposition
algorithms are sufficient to automatically identify liquid-phase
mixtures from IR spectra provided knowledge of the pure-
Chem. Sci.
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Fig. 6 Automatic identification of experimental mixtures in a blind study. (a) Components of liquid-phase mixtures were identified from
experimentally observed mixture spectra using a basis set of experimentally measured pure liquid-phase spectra and the approach developed in
this work. (b) Examples of top-3 mixture components ranked by NNLS coefficients for three different mixtures. (c) Cumulative weighted
spectrum reconstructions obtained by sequentially adding the top n = 1, 2, 3 NNLS-ranked component spectra, each weighted by its NNLS
coefficient. The spectrum labeled as “mix” is the measured IR spectrum for the mixture.
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component liquid-phase spectra. The accuracy of the approach
seems to be limited by the degeneracy of IR spectra in the liquid
phase rather than nonlinearities in the data. We established
a benchmark for chemical identication in liquid-phase
mixtures and highlighted the necessity of liquid-phase spec-
tral data for reliable chemical automation, using a non-negative
least squares (NNLS) algorithm and an extensive dataset of
simulated spectra.

The presented results demonstrate that the methods can be
transferred directly to experimental data, as shown in the
identication of candidate components in real experimental
mixtures. NNLS coefficients provide chemically informative
signals, indicating partial spectral similarity to true compo-
nents and revealing plausible structural motifs that guide
interpretation of spectroscopic data (Section S1.4). Importantly,
NNLS accurately identies two- and three-component mixtures
and remains robust to peak shis and to increases in pure-
component dataset sizes while preserving chemically
Chem. Sci.
interpretable coefficients. The algorithm outperforms other
linear methods tested because it restricts the space of solutions
to physically meaningful, sparse, and well-separated coefficient
distributions that better isolate dominant mixture components
(Section S1.3).

Poor identication accuracy when using gas-phase pure-
component spectra as the “basis set” for liquid-phase mixture
deconvolution highlights the need to create larger liquid-phase
IR spectral datasets. Existing spectroscopic datasets for liquid-
phase IR are either limited in size or are protected by
licensing requirements that prevent their use in large-scale
identication efforts, while the simulated liquid-phase IR
spectra here exhibit systematic deviations from experimental
data due to the approximations of the force elds. Future efforts
to curate and share experimental liquid-phase IR spectral data
can be invaluable for automation of chemical identication in
laboratory or industrial settings.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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The MD simulations used to generate our spectral dataset
capture liquid-phase spectral behavior, even though the spectra
do not exactly reproduce experimental measurements. The MD-
generated IR spectra exhibit self-consistent peak positions,
shis, and broadenings that mirror experimentally observed
gas–liquid spectral differences. These intermolecular
interaction-driven differences were quantied using cumulative
distribution functions of spectral intensities, conrming that
the simulations capture the intermolecular effects that distin-
guish gas- and liquid-phase spectra. Importantly, these gas–
liquid shis correlate with known chemical functionality, with
molecules that promote stronger intermolecular interactions
exhibiting larger spectral shis. Interaction-driven features also
persist in simulated mixture spectra, indicating that the simu-
lations capture the anharmonic and nonlinear mixing behavior
characteristic of the liquid phase.

Interpreting NNLS coefficients enables deeper analysis into
the deconvolution of mixture IR spectra. While accuracy is high
in gas-phase identication, misidentication proles of liquid-
phase IR spectra show that prediction failures arise primarily
when the IR spectra of true and false-positive candidates are
nearly indistinguishable. In these cases, misidentications
reect fundamental limits in discriminative IR information
rather than just shortcomings of the linear inversions (Section
S1.5). The close correspondence between spectral similarity and
shared structural motifs of pure components further supports
this interpretation. Furthermore, linear unmixing becomes
slower and harder for mixtures composed of highly degenerate
spectra, which may reect challenges in coefficient convergence
when weights must be distributed across many nearly indis-
tinguishable candidate spectra. Even though non-linear
methods, including machine learning strategies, could exhibit
better performance in component prediction, there will be
numerical limits to the accuracy due to degenerate spectra.

Our results show that NNLS deconvolution for liquid-phase
mixture identication is ready for use in automated laboratories.
The approach offers interpretable coefficients, robustness to peak
shis, and applicability across both synthetic and experimental
data, while providing transparent analysis of spectral reconstruc-
tion quality and chemical interpretability (Sections S1.3 and S1.4).
The practical value of this interpretable framework is reinforced by
further improvements in identication accuracy when incorpo-
rating mixture atomic composition information, which is easily
available in experimental settings. Future work can address the
limitations of linear algorithms and dataset sizes to increase the
reliability of predictions and further automate the interpretation
of nonlinearities in mixture IR spectra. Explicitly quantifying
spectral degeneracy provides a pathway toward dening the
fundamental limits of IR-based mixture identication under any
deconvolution algorithm, thereby enabling uncertainty estimates
that are particularly valuable in experimental applications.

4 Conclusion

This work presented a framework for the automatic identica-
tion of components in liquid-phase mixtures using IR spectra
and algorithmic approaches that are useful for chemical
© 2026 The Author(s). Published by the Royal Society of Chemistry
research and industrial processes. Automatic identication was
performed on a dataset of simulated binary and ternary mixture
spectra using a database of simulated pure-component gas- and
liquid-phase spectra. In particular, we showed that linear
deconvolution using the non-negative least squares (NNLS)
algorithm enabled component identication from IR spectra of
mixtures with up to 90% accuracy. The NNLS algorithm yields
component coefficients that are interpretable as relative
contributions to the mixture spectrum and remain informative
even in the cases of false-positive component identications.
Misidentication proles were shown to stem from spectral and
chemical similarity between candidate compounds, originating
from the degeneracy between IR spectra rather than short-
comings of the linear decomposition method. Finally, this
method was shown to be applicable to experimental settings in
a blind study on experimentally preparedmixtures, in which the
framework successfully identied the mixture components.
Consequently, this work denes a benchmark for liquid-phase
mixture identication from IR spectra and establishes a scal-
able workow for automated mixture identication. Future
advances in algorithmic methods, spectral modeling methods,
and the availability and expansion of spectral databases can
continue to improve automated interpretation of complex
chemical mixtures.

5 Methods
5.1 Simulation methods

5.1.1 Molecular simulations. Gas- and liquid-phase pure
component spectra along with liquid-phase two- and three-
component mixture spectra were generated by molecular
dynamics (MD) simulations using OpenMM37 and a custom-
made code. The potential energy surface was represented
using OpenFF's Sage (v. 2.0.0) force eld, as implemented in the
OpenForceField codebase.38–40 Simulations were initialized by
instantiating an OpenFF Molecule object using the SMILES
string, and creating a conformer in the gas phase using
OpenFF's in-built functions. All simulations were performed at
a constant temperature of 300 K, enforced by a Langevin ther-
mostat with a coupling constant of 1 ps−1, and a time step of 2
fs. Although the high time step leads to peak shis corre-
sponding to C–H, O–H, and N–H bonds, the shis are system-
atic across the dataset and do not inuence the identication
methods. For liquid simulations, simulation boxes were
initialized with a constant density of 0.5 g cm−3 containing 100
molecules using PACKMOL.41 All mixture simulations were
performed in the liquid phase with equimolar ratios, thus with
50molecules of each species inside the simulation box. A Monte
Carlo algorithm implemented in OpenMM was used as a baro-
stat in the equilibration stage of the liquid phase simulations to
simulate the effect of constant pressure, with a frequency of 200
fs−1. Throughout all simulations, equilibration was performed
for 0.5 ns for every system. Aerwards, production simulations
were performed for 0.5 ns in the NVT ensemble. In liquid-phase
simulations, the equilibrium density of the box was taken as the
average density of the last 100 000 steps of the equilibration
trajectory. These simulations showed good convergence with
Chem. Sci.
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respect to density and IR spectra, and thus were adopted as
default parameters for this study. However, approximations
related to the force elds prevent direct comparison with
experimental data across this study. Additionally, while not all
systems are necessarily miscible nor liquid under the simula-
tion conditions, they span enough conformational diversity to
enable a systematic study on chemical identication. Thus, the
thermodynamics of the liquids and mixtures were not consid-
ered in this study.

5.1.2 Calculation of the IR spectra. To compute the IR
spectra consistently for both gas- and liquid-phase molecules,
the net molecular dipole of the simulation box was computed at
each timestep. Then, the total system dipole was recorded in
a le for each time step. The IR spectrum was obtained by
following the implementation from Braun,25,42 taking the
Fourier transform of the autocorrelation function of this dipole
over the trajectory to compute the frequency-dependent
absorbance:

~CðnÞ ¼
ðN
0

CðtÞcosð2pntÞdt; (1)

CðtÞ ¼
D
~Mð0Þ$ ~MðtÞ

E
D
~Mð0Þ$ ~Mð0Þ

E : (2)

where ~MðtÞ is the total dipole moment of the system at time t, n
is the frequency, and h$i denotes an ensemble average over the
trajectory. To account for coupling with an electromagnetic eld
and thermal weighting of vibrational modes, the spectrum is
modied with correction factors:

FðnÞ ¼ n

0
B@1� e

� ħn
kBT

1
CA (3)

QðnÞ ¼ n

1� e
� ħn
kBT

(4)

where ħ is the reduced Planck constant, kB is the Boltzmann
constant, T is the temperature, and F(n) and Q(n) are the eld
description and quantum correction factors, respectively, used
to adjust the classical spectrum to a quantum corrected
spectrum:

S(n) = ~C(n)F(n) (5)

Sqm(n) = S(n)Q(n) (6)

The nal expression for the IR spectrum is thus given by:

Sqm(n) = ~C(n)n2 (7)

Gas-phase spectra were generated using a single molecule
per simulation box with molecules considered sufficiently far
apart so that intermolecular dipoles are effectively uncorrelated.
Under these conditions, mixtures of gas-phase spectra are
assumed to have vanishing correlations between the dipoles of
different molecules. Thus, the IR spectrum of a gas-phase
Chem. Sci.
mixture is simply the mole-fraction weighted linear combina-
tion of the pure-component spectra.

5.1.3 Automated calculation workow. Automation of the
IR spectra calculations was implemented using the mkite so-
ware.43 The soware suite allows for the generation of jobs with
an arbitrary number of inputs in a matrix-like fashion, thus
allowing the calculation of two- and three-component mixtures
within a single database. Data management was performed
using a new plugin, developed for this work at https://
github.com/mkite-group/mkite-infrared.

Every spectrum is represented by a one-dimensional vector
of 1250 wavenumber indices, corresponding to a uniform
4 cm−1 grid spanning 0 to 5000 cm−1, with every value being the
intensity at each wavenumber. The raw MD-derived intensities
were interpolated onto this common grid, Gaussian smoothed
to reduce noise, and negative intensities where clipped to zero.
Each spectrum was normalized by its total integrated intensity
to produce a probability-density-like spectrum vector. This unit-
area normalization is used for all simulated spectra analyzed in
this work.

5.1.4 Dataset of molecules. The dataset of about 8880
molecules used for calculations of gas- and liquid-phase spectra
was created by combining the AqSolDB44 (originally with 9982
compounds) with two other custom-made datasets. One custom
dataset was about 50 molecules that were readily accessible to
the experimental team. The other dataset was around 380
molecules generated by combinatorially matching one molec-
ular “core” scaffold with one fragment. To generate the
combinatorial core-fragment library, a curated set of structur-
ally diverse fragments, dened as monovalent R-group substit-
uents, was combined with a collection of reactive core scaffolds.
The core scaffolds comprised related structural backbones that
differed in the position of the fragment attachment site,
enabling single-point R-group modication at distinct loca-
tions. All possible combinations of the dened scaffold core
and R-group fragments were enumerated to produce a dataset
of closely related yet structurally distinct molecules. The
SMILES of the resulting molecules were canolicolized and
subjected to chemical sanitization to ensure data consistency,
valence correctness, and structural validity.

Aer removing structures for whichMD simulations failed to
converge, we obtained 8880 pure gas-phase and 8550 pure
liquid-phase simulations. Mixture molecules were selected
using two approaches. From the AqSolDB dataset, binary and
ternary mixtures were constructed by randomly selecting pairs
or triplets of compounds. From the core-fragment dataset,
mixtures were generated by enumerating all possible pairwise
combinations.
5.2 Experimental IR spectra

Three two-component and six three-component experimentally
prepared liquid-phase mixtures were evaluated with all algo-
rithms using 143 liquid-phase spectra as the basis set. The basis
set contained twenty pure components that were true compo-
nents of the mixtures, measured using Fourier transform
infrared spectroscopy with attenuated total reectance (FTIR-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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ATR). The ATR apparatus (Pike instrument), using diamond as
the ATR prism, was connected to the IR spectrometer (Nicolet
iS50, Thermo Scientic) with a deuterated triglycine sulfate
(DTGS) detector. The incident IR light was xed at 45°. The IR
background and sample spectra (4000 to 400 cm−1 range) were
collected with a spectral resolution of 4 cm−1 and averaged over
128 scans. ATR correction was performed in OMNIC soware
(Thermo Scientic). Ethylene carbonate (EC, Gotion), dimethyl
carbonate (DMC, Sigma-Aldrich), diethyl carbonate (DEC,
Sigma-Aldrich), ethyl methyl carbonate (EMC, Gotion), uoro-
ethylene carbonate (FEC, Gotion), propylene carbonate (PC,
Sigma-Aldrich), acetonitrile (Thermo Scientic), tert-butyl
methyl ether (Sigma-Aldrich), tert-amyl ethyl ether (Sigma-
Aldrich), 1,4-bis (triuoromethyl) benzene (TCI America),
1,1,3,3-tetramethoxypropane (Sigma-Aldrich), 3-butoxy-
propionitrile (Sigma-Aldrich), bis(2,2,2-triuoroethyl)ether
(Synquest Labs, Inc), 2,2,2-triuoroethyl acetate (Synquest
Labs, Inc), hexauorobenzene (Sigma-Aldrich), 1,3-dioxolane
(DOL, Sigma-Aldrich), ethylenediamine (TCI America), ethyl
methyl sulfone (EMS, TCI America), 1,2-dimethoxyethane
(DME, Sigma-Aldrich), and 1,1,2,2-tetrauoroethyl 2,2,3,3-
tetrauoropropylether (TTE, TCI America) were used as
received. An additional 123 pure-component spectra were ob-
tained from the Open Specy IR spectral library,45 to augment the
basis set and increase prediction difficulty.

During evaluation, the true number of mixture components
was hidden. The cumulative fractional spectral variance, mean
squared error, and algorithm coefficients (described in Sections
5.4 and 5.5) were used to predict mixture components and infer
the number of components.
5.3 Deconvolution algorithms for IR spectra data

In this work, we treated single-component IR spectral data as
the “basis set” of a multi-component mixture IR spectrum.
Least squares (LS), non-negative least squares (NNLS), and their
regularized variants were tested to estimate component contri-
butions in simulated mixture spectra.

The LS method minimizes the cost function

min
C

kY� XCk22 þ lkCk2 (8)

whereas the NNLS method minimizes the same cost function
while imposing a non-negative restriction on the coefficients,

min
C$ 0

kY� XCk22 þ lkCk2 (9)

In eqn (8) and (9), Y denotes the set of simulated mixture
spectra and X denotes the set of simulated pure component
spectra. The coefficient matrix C is dened such that every row
corresponds to a mixture and each column corresponds to
a component in the basis set. From this, every value in amixture
row of C species the coefficient of a particular component in
that mixture.

In the non-regularized formulations, the regularization
coefficient l is set to zero.
© 2026 The Author(s). Published by the Royal Society of Chemistry
In addition to the algorithms above, a “brute-force” interpola-
tion method was also implemented as a baseline for two-
component mixtures. It exhaustively evaluates all pairs of single-
component spectra and solves for the least-squares optimal
convex mixing coefficients. The interpolation method serves as
a reference for evaluating component coefficient accuracy under
the same linear mixing assumption as in the gas phase.

5.4 Evaluating identication accuracy

The coefficients corresponding to the single-component spectra
in the basis set, as given by the linear algorithms, were used to
identify the components of a mixture from its spectrum. Iden-
tication accuracy was evaluated using two approaches. In both
cases, the coefficients obtained were ranked in descending
order of their absolute values, and identication accuracy was
evaluated by determining whether the top k coefficients corre-
sponded to the spectra of the true components in the mixture.

5.4.1 Exact top-k component identication. The top-2 and
top-3 coefficients were used for binary and ternary mixtures,
respectively. In this method, the pure-component basis set
included spectra for all molecules present in the mixtures, as
well as an equal number of spectra from molecules not
appearing in any of the mixtures. These spectra were selected at
random. Identication accuracy was evaluated eight times, each
using a different random selection of additional molecular
spectra.

5.4.2 Criterion-based top-k identication. Identication
accuracy was also evaluated for nding the correct mixture
components from the top-k coefficients evaluated by (1)
requiring all true components to appear within the top k, (2)
requiring at least one (any) true component to appear within the
top-k, and (3) applying an atom-count lter that restricts
candidate components whose combined atomic compositions
match the mixtures atom composition (described in SI Section
S2.3). Using these criteria, identication accuracy was evaluated
as a function of pure-component basis set size. Only the
components contained in all the mixtures were part of the
smallest basis set size. For larger pure-component dataset sizes,
additional pure component spectra were added to the basis set,
ensuring that each subsequently large basis set size contained
all the pure-component spectra in the smaller basis sets.

When computing coefficients using varying basis set sizes,
NNLS failed to converge for the two largest basis set sizes. Using
a basis set size of 4920 pure components, NNLS failed for 12
mixtures, corresponding to 0.043% of the mixture dataset.
Using a basis set size of 8528, 22 mixtures failed to converge,
corresponding to 0.080% of the mixture dataset. Mixtures for
which NNLS did not converge were considered unidentiable
and counted as incorrect predictions when accuracy metrics
were computed. These failures were attributable to the NNLS
solver reaching its iteration limit under increased basis collin-
earity at larger basis sizes.

5.5 Spectral analysis metrics

Three metrics were used to quantify a predicted component's
contribution to a mixture spectrum: the average cumulative
Chem. Sci.
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distribution function difference, fractional spectral variance,
and mean squared error (MSE).

5.5.1 Cumulative distribution function difference. The
difference between the cumulative distribution functions
(CDFs) of two spectra was used to quantify relative spectral
differences. At a given wavenumber, a larger cumulative inten-
sity difference indicates red shiing of one spectrum relative to
the other. Cumulative intensity curves can also be used to
identify raw intensity differences, reected by vertical differ-
ences between the curves, and relative spectral broadening,
indicated by their horizontal differences. The average CDF
difference, dened as the mean difference between two cumu-
lative spectra across all wavenumbers, was used as a quantita-
tive metric for comparing two spectra.

5.5.2 Fractional spectral variance. The fractional spectral
variance metric measures how well a mixture spectrum is
reconstructed as components are added in decreasing order of
their NNLS coefficient values. Starting from a zero-intensity
spectrum, pure component spectra were sequentially added in
descending order of their NNLS coefficient rankings. At each
addition step, the selected component spectrum was scaled by
its predicted coefficient and cumulatively summed to form
a partial reconstruction of the mixture spectrum. Aer each
addition, the partial reconstruction ŷ was compared to the true
mixture y, and a cumulative explained variance metric was
computed:

R2 ¼ 1� ky� ŷk2
kyk2 (10)

This value measures the fraction of variance in the true
spectrum explained by the partial reconstruction.

The same procedure was applied using MSE and the average
CDF difference to assess each component's contribution to
reconstruction quality. The incremental contribution of each
component was evaluated using these three metrics: the step-
wise increase in R2, the decrease in MSE, and the decrease in
average CDF difference as the mixture spectrum was assembled
from zero intensity.

A complementary analysis was performed by removing each
component from the basis set, recomputing the NNLS coeffi-
cient vector for the same mixture spectrum, and calculating the
resulting R2, MSE, and average CDF difference for the predicted
mixture spectrum relative to the true spectrum. This method
quanties the degradation in t to the true spectrum when
a component is unavailable, indicating the importance of that
component's spectral features in explaining the mixture spec-
trum. Component contributions were quantied by the drop in
R2 and the corresponding increases in MSE and average CDF
difference when that component was removed.
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