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Gas Chromatography-Mass Spectrometry:
large, costly, time-consuming

W% PROJECT VISION:

Can we

|
A A —rapidly and inexpensively- detect
¥ andidentify molecules from complex
environmental samples by combining
Surface-enhanced Spectroscopy with
Machine Learning strategies?

BCM-RICE
i 4 SUPERFUND
(__.('Jilcgc. of DESEARCH
Medicine PROGRAM
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Polycyclic Aromatic Hydrocarbons (PAHSs)

Acenapthylene

Acenapthene

Benzo(a)pyrene

Indeno(1,2 3-cd)pyrene
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EEnzDih f quranthene
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Fluurathﬂne
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Maphthalene
henanthrene

Benzolk)fluoranthene

EEnzDialanthrauene
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Dibenzo(a hjanthracene

»,

F’yrrEnE

RC‘&>

Flunrene

» 16 Priority pollutants (EPA): toxic,
carcinogenic, mutagenic

* Found in atmosphere, in soil and in virtually all
water sources: “legacy pollutants”

 Many societal sources: incomplete combustion,
diesel fuel, sidestream tobacco smoke,
barbecue, burnt toast, drinking water

* Many cancers (skin, liver, testicular, bladder)

« Adult onset diseases (Parkinson’s?)

» Poor fetal development: increases in
premature birth rates

« Always found in complex mixtures




Surface Enhanced Raman Spectroscopy (SERS)

Molecular adsorbates on metal surfaces respond to the local electromagnetic
field, emitting inelastically scattered light (Van Duyne, 1974):

Vlrtual level ----‘: -------------
ho l ho, Stokes, anti-Stokes
ground state emission
vibrational
manifold
hV hv + hy’
S

spectrum enhanced by near field

@@@ when molecule in the vicinity of a
| plasmonic substrate/metasurface

Metal Surface

Plasmonic substrate requires intense near field at pump,
Stokes frequencies:

<|Ens(m)]?- ) 2> = <|E[*>

— _ \ J
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Surface Enhanced Infrared Absorption Spectroscopy

(SEIRA)

at

- SEIRA ~ |EJ?, not |E[* like SERS

2 E = Electric field
M = Dipole moment
Q = Normal coordinate

* IR absorption, A o

* spans near-IR to far-IR regime

*IR cross sections ~10'% larger than Raman cross sections!



SERS and SEIRA combined on the same substrate

H. Wang et al., Angewandte Chemie International Edition 46, 9040-9044 (2007).
F. Le et al., Metallic nanoparticle arrays: a common substrate for both SERS and SEIRA, ACS Nano 2, 707-718 (2008)
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Enhancement factors

Raman intensity / counts

Combined SERS and SEIRA on the same substrate
SERS of pMA on nanoshell arrays SEIRA of pMA on nanoshell arrays
5 5
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Outline:

 Computational Chromatography: identifying unknown molecules in
mixtures without separations

(M. Bajomo, Y. Ju et al., PNAS 119, e2211406119 (2022))
* Identifying SERS spectra with a Raman library using Machine Learning
(Y. Ju et al.,, ACS Nano 17, 21251-21261 (2023))

* Machine Learning-enhanced SERS + SEIRA Detection of Polycyclic
Aromatic Hydrocarbons in Human Placenta

(O. Neumann et al., TBP)



Computational Chromatography: a Machine Learning strategy for
demixing individual chemical components in complex mixtures

M. Bajomo, Y. Ju, et al., PNAS 119 (2022) e2211406119

Can we identify the chemical components in a mixture without physically separating them?

Surface Enhanced 2 Unsupervised ML Demixing Elifalgt,ansitive
Raman Spectroscopy Algorithm = NO LIBRARIES detoction and
(SERS) . e
identification
SERS PAH Compor:uenﬂ _ PAH Component 2 of PAHs from
Incident Light Spectrum  SERS Data 0.8 X J@ Lot 02x | uds | “unknown”

PAH mixture

£

& ™
F » o2 )“')L”““WLM + 0.8 X JL.,L_H,'L.Vfx.,uut,-ltﬂl\
____

0.3 X AML |t 07 x L, Jooaanda

500 1000 1500 500 1000 1500

. . Yilong Ju
Raman Shift (cm") Raman Shift (cm™)
B‘&VIOI’ BCM-RICE
Machine Learning (ML) algorithms separate out Collegeof [EAAAMEINY

Mixture of Chemicals vibrational spectra of mixture components MECR PROGRAM




Computational Chromatography: a Machine Learning strategy for
demixing individual chemical components in complex mixtures

M. Bajomo, Y. Ju, et al., PNAS 119 (2022) 2211406119

| | | | Can we identify the
| | chemical components In
; | | a mixture without
! | - physically separating
| them?




The Cocktail Party Problem

(aka "Blind Source Separation”)
- - et




Independent Component Analysis:
Key Assumptions about the Data-Generating Process

Independent component analysis (ICA) is a ML method for
separating a multivariate signal into additive subcomponents.

Signals must be Signals must be Signals must be
linearly mixed non-gaussian independent

X1 = A1151 T A12S;
Xy = Q3151 T A2,

: p(s1,52) = p(s1)p(s2)
x = detected signal

s = source signal
a = mixing weight

Chechkin, Aleksei V., et al. "Brownian yet non-Gaussian diffusion: from superstatistics to subordination of diffusing diffusivities." Physical Review X 7.2
(2017): 021002.



|CA Approximately Demixes to Recover

Source Signals (Individual Component Spectra)
Source Signals (SERS of Individual PAHS)

_ *x S _ *S5) _
Fl ! 3 X1 = A1151 T A12S;
i 2 W\Jj\ Xy = A31S51 T Q2257
§ § x = As
500 1000 1500 500 1000 1500 S = _1X
Raman Shift (cm1) Raman Shift (cm™)
a1 ak Az Az $=Wx
Mixing
7 /
- LAl s Goal of ICA: Find
s ¢ = demixing matrix W
£k * | e £ : :
sl e s (approximation of
- : A
2 | | 2 | | A1) sothat § =s.
500 1000 1500 500 1000 1500
Raman Shift (cm 1) Raman Shift (cm™1)

Recorded Signals (SERS of Mixtures)



Example: SERS of 2-Component
Mixtures of PAHSs

Raman Intensity (a.u.)

N

1ANTH:10PYR
10ANTH:1PYR
1ANTH:5PYR
S5ANTH:1PYR
m
2ANTH:1PYR

1ANTH:1PYR
h Pyrene (PYR)

Anthracene (ANTH) /\

=

Blank

Ciij Anthracene (ANTH)

O‘O‘ Pyrene (PYR)

500 1000 1500
Raman Shift (cm)

Relative intensities of
different peaks in the SERS
of ANTH+PYR varies as
the concentration ratio of
ANTH:PYR varies.



Estimated Independent Components
Match PAH Source Spectra

MIX
Anthracene (ANTH)

= |ic2 / OO‘ Pyrene (PYR)
3 E s
~ ) n |
b ILO‘\:'L.q.'.:‘u'--..s:"‘\.l'gsa“t—“"lu ------
2 PYR Independent components
% produced match the SERS
c_% of the components of the
£ |I1C1 mixture
v

ANTH

500 1000 1500

Raman Shift (cm-)



Quantifying Demixing Performance:
Evaluation Metrics

-More peaks detected Larger detection threshold S -Fewer_peaks detected
-More likely to recover < -Less likely to recover
original peaks Smaller detection threshold original peaks

True Peaks Increasing detection threshold
+ ' >

o 1.0}
_ECU + True False .
o Positive Positive o
S 06}
9 L

0.4}
= False True
C‘li_’ Negative Negative 02

oQL—— o

00 02 04 06 08 10

Recall

Recall=TP/(TP+FN)

16



Raman Intensity (a.u.)

Performance of ICA on 2-
Component Mixtures

Increasing detection threshold

Anthracene + Pyrene

=e®a

1000 1500
Raman Shift (cm)

Precision
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06
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How Demixing works “under the hood”:
Multiple mixture spectra with varying concentration ratios are required

Spectra in a 2D space using  Original and demixed

Synthetic mixture spectra o jntensity at the two peaks components

of varying ratios

as x and y-coordinates. High-throughput
A B Ny ~ Miure | C 589 1382 sampling with
’ * Sampl - i
1 A 1 Bfa]P: 10 PYR i aliviony f\ Reduced PYR naturally occurring
- % : concentration
. — B[a]P e
. . ; *2 - - Comp1| n variations
3|2 1 B[a]P: 2 PYR 3 . - - Comp2| 5 " .
& - A g o:f ‘ S " De-mixed 1 makes this
= DIl |: ’ e peeo] raightforwar
2 A 2|3 ; . z straightforward
93 1 B[a]P: 1 PYR 1 ’ (0]
£ [a]F /\ g P =
@ @ 415 % . = Reduced B[a]P
= s * £
& |4 || 2BaP:1PYR ]\ N S */-" S
J.o. " ‘.'. 5 1 E
SO . L. y ! Ml BCM-RICE
VT o w De-mixed2 . Baylor |Eysis
5 10 B[a]P: 1 PYR i—e 2o - > . [ OIS RESEARCH
- - I A — ] WieiGhicll PROGRAM
500 1000 1500 500 1000 1500
Raman Shift (cm) Intensity @ 1382 (a.u.) Raman Shift (cm-1)




Comparing Different ML-based Demixing Algorithms:

Informing based on Prior Domain Knowledge is Valuable

Demixing Algos with various

assumptions/constraints

imposed (aka inductive biases):

* Independent Components
Analysis (ICA)

« Nonnegative ICA (NICA)

« Sparse ICA (SICA)

* Nonnegative Matrix
Factorization (NMF)

* Near-Separable NMF
(NSNMF)

« Characteristic Peak
Extraction-based NMF
(CaPE)

A

W

Prop. Correctly matched PAHs

1.0

0.8

0.6

0.4

0.2

0.0

Demixing Method: IcA I Nica B sica 00 nsnvF [ nvF [ care
Extracting
8- Characteristic Peaks
[ - in a shift-tolerant
: I [ Ua l manner significantly
I I & 1 i i 1. I 1 1 | improves
2 ﬂT ] f} w performance
PAH BlalP+ANTH  BlaJA+B[a]P  B[aJA+PYR  B[aA*ANTH  PYR+B[a]P  PYR+ANTH
CompressionAlgorithm: || None  [:.%.¢ Existing = CaPE-Threshold /7 CaPE-Rank
i =7 =7 =7
=7 =% =7 =7 ;
)2 B “ER R
=7 7 | §¢ =7 2 bk RGN ECM-RICE
=% =¢ =7 =7 / aviol S N
- =7 W% =7 =7 2 e UPERFUND
. I =7 =7 =% I =7 Z i S RESEARCH
E% =7 BNEZ =% =7 B KEV it PR OGRAM
ICA NICA  SICA  NSNMF  NMF ICA NICA  SICA NSNMF  NMF
Test with unseen mixtures Test with mixtures containing unseen components




Can we extend this to multiple components?

Concentration ratios used
ACE PYR ANTH BlalP  BlalA
|

How few samples do B .
we need with varied
concentrations?

-0.4

3 020 0.20 0.20 0.20 0.20 -03

A synthesized 4-
component mixture:
8 concentration ratios 02

5 020 0.16 0.32 0.16 0.16

Mixture 1D

4 020 0.32 0.16 0.16 0.16

6 020 0.16 0.16 0.32 0.16
-01
7 020 0.16 0.16 0.16 0.32

-0.0



Raman Intensity (a.u.)

PYR + ANTH + B[a]P+ Bla]A

Machine ¥ Learning
PYR
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' I
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1000
Raman Shift (cm1)
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Benzo[a]pyrene )B[a]P)

Pyrene (PYR) Benz[a]anthracene (B[a]A)

Despite more peak overlap, there is acceptable agreement
between demixed spectra and PAH component spectra

Baylor

College of
Medicine




Can we use Facial Recognition Approaches to
identify SERS spectra of molecules using a Raman Database?

Yilong Ju et al., ACS Nano 17, 21251-21261 (2023).

dentified: Yilong Ju ~SERS of chemical X
Spectral 6
Recognition ‘ Q

Person X

Facial
Matching

Raman Intensity (a.u.)

Raman Shift (cm1)

SERS of chemical X Identified: Pyrene
3 Raman
Face Database 2 Database
v 700075602000
A ’! Raman Shift (cm™) ’3‘
SERS of chemical X g
i ‘i § g FLTH BIjhi]P
- % i = N N l 1 NAP M
E I ] l I ANTH
& [ 500 7000 1500 2000 500 1000 1500 2000
P g ~= Raman Shift (cm™') Raman Shift (cm-")
P 500 1000 1500 2000
Ll Raman Shift (cm-)
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W & Cite This: ACS Nano 2020, 14, 28-117 Www.acsnano. .org

Present and Future of Surface-Enhanced
Raman Scattering

Judith Langerﬁ Dorleta Jimenez de Aberasturi,
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The BIG Problem with SERS:
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Solution Proposed by others:
create a SERS database for each type of
SERS substrate...(not realistic!)

GOAL: Can we develop ML algorithms
so we can use a Raman library
(database)to identify chemicals through
their SERS spectrum?
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Baylor SUPERFUND

(_I()llcgc of DESEARCH
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Different SERS substrates produce different
SERS spectra of the same molecule

Characteristic Peak Extractions = CaPE

»
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ML-Based Spectral Recognition: CaPE and CaPSim

Step 1

o

Yilong Ju
For each molecule in the Raman library, Raman: PYR Raman: ANTH

identify potential locations (shown S grey
g CaPE | l “"| W I T SN

shades) of characteristic peaks usi

> Extracted Peaks
Step2 W s
==
Extract peaks from these learned locations B | | lu | | | VN 1Y P
by looking for maximum responses pﬁ : : : . : : : :
= SERS Query
=
Step 3 "' £
i ¥ MWML
Extract peaks from the SAME locations 14
from the query SERS spectrum Extracted Peaks
Steps W . Ll u i
Calculate the inner product between 500 1000 1500 2000 500 1000 1500 2000
extracted peaks from the Ramjrrreferemnte Raman Shift (cm-1) Raman Shift (cm-')
and the SERS query, obtainin w
Step5 B Similarity = 0.242 Similarity = 0.077
Predict the query as the molecules with the C
highest similari _r
2 Y Prediction: PYR




Machine Learning-enhanced SERS + SEIRA

Detection of Polycyclic Aromatic
Hydrocarbons in Human Placenta

Smoking during pregnancy is associated with increased risk of:
* miscarriage,

* prematurity, PAHs can cross the placenta

+ stillbirth, from the mother to the fetus,
* |low birth weight, ]

+ perinatal morbidity, exposing the fetus to these

* sudden infant death syndrome (SIDS), chemicals

e adverse neurodevelopmental disorders
such as Attention-Deficit Hyperactivity (ADHD),
* anxiety, and depression

Baylor

College of
Medicine

BCM-RICE
SUPERFUND
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Machine Learning-enhanced SERS + SEIRA
Detection of Polycyclic Aromatic
Hydrocarbons in Human Placenta

Sample Preparation Data Collection and Analysis

= 785 nm Laser
[llumination

Intensity (a.u.)

L 3 A . YT
- . e
o O Pl s A
y N

500 1000 1500 2000
Raman Shift (cm)

Absorbance (a.u.)

\
Smokers &Nonsmokers \}

1600 1200 800
Wavenumber (cm™')
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SERS and SEIRA of Human Placenta

SERS f SEIRA

Smoker n Smoker
—~ 5
S5 ©
s \‘z;;
= “MANN S
T | ©
c O
9 S
= Non-Smoker 8 Non-Smoker

<
500 1000 1500 71600 1200 800 (RGO Coiinc
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CaPE Analysis of Smoker vs. Non-Smoker SERS data:
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CaPSim NormSim
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CONCLUSIONS:

* ML can enable the detection of specific PA
complex mixtures without separations

IS In

» Characteristic Peak Extraction (CaPE) simplifies
SERS spectra so a Raman spectral library can be

used for identification with CaPSim

« CaPE and CaPSim can differentiate PAHSs in the

placenta of smokers versus non-smokers

Baylor

College of
Medicine
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