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Abstract 

Surface-enhanced Raman scattering (SERS) spectroscopy is an advanced analytical 

technique for bioanalysis. However, one of the key challenges that impedes SERS for actual 

biomolecule detection is due to two reasons: 1) the intrinsically low Raman activities of 

biomolecules and 2) the lack of interactions between the analyte and plasmonic 

nanoparticles. The objectives of my thesis is to address these limitations to achieve the 

practical applications using SERS spectroscopy via platform design and modification of the 

plasmonic nanoparticles surface chemistry. In chapter 2, we demonstrate a two-part strategy 

at the oil/water interface to control the single building block morphology over the 

orientational ordering of supercrystals by tuning surface ligands. In chapter 3 we utilize two 

types of Ag nanoparticle to form a superhydrophobic SERS detection platform for two 

urinary metabolites via capture-and confine strategy at the molecule-level. In chapter 4, we 

follow up the detection strategy from chapter 3 as a proof-of-concept diagnostic kit for 

spontaneous miscarriage by evaluating the ratio between 5β-pregnane-3α,20α-diol-3α-

glucuronide (pregnane) and tetrahydrocortisone (THC). In chapter 5, we further exploit the 

confine-and-capture strategy for different structural variants analysis. The different binding 

sites and molecular states of the multiple analytes and probes enable the formation of 

diversified molecular complexes with different configurations, thus intensifying the specific 

differences in SERS fingerprints obtained by the various analytes. Lastly, I conclude my 

thesis with a summary for the different research work and provide an outlook for continuous 

study in the biomolecule detection and further applications.  
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Chapter 1: Introduction 

Abstract. Surface-enhanced Raman scattering (SERS) is an emerging advanced detection 

technique which provides molecular structure information by integrating plasmonic 

nanostructures with Raman spectroscopy. Owing to its fast, molecular specific and 

ultratrace detection capabilities, SERS has gained much attention in recent biological field 

involving complex biological matrix. In this chapter, we first introduce the SERS 

enhancement mechanisms and enhancement factors. Next, we discuss the design and 

fabrication strategies of highly sensitive SERS platforms. Thirdly, we review on the 

applications of SERS technique in the biological and biomedical field for target biomarker 

analysis and disease diagnosis. Finally, we identify the current research gap in the 

translation of SERS research into real-life application and establish the objectives of this 

thesis.  
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1.1 Principles of SERS enhancement  

As compared to normal Raman signal, SERS signals from target molecules close to 

plasmonic nanostructures can be enhanced >109-fold.1-4 These surface-sensitive 

phenomenon is mainly attributed to two mechanisms: 1) electromagnetic (EM) and 2) 

chemical enhancements (CE).3, 10-12 The EM mechanism arises from the surface plasmon of 

plasmonic nanoparticles upon laser irradiation, which contribute dominantly to the total 

SERS enhancement with enhancement factor up to 108 as compared to the CE which only 

provides 103 enhancement.  Notably, the EM enhancement is mainly determined by the 

optical properties of plasmonic nanoparticles, and it will not be affected any type of 

molecules.10, 13 The EM enhancement is induced by the coupling of incoming light with the 

nanoparticles’ electrons to result in localized surface plasmon resonances (LSPR) which 

generates a localized intense EM field. The LSPR and hence EM field can be tuned by 

controlling the shape of the nanostructure, dielectric functions, and/or via plasmonic 

coupling with neighboring particles to create regions of intense and concentrated EM field 

known as hotspots.14 Conventionally, silver (Ag), gold (Au) and copper (Cu) are commonly 

utilized as plasmonic materials owing to its ability to conduct surface plasmon resonance in 

the visible light to near-infrared region.15, 16 More importantly, Ag possesses the most 

effective plasmonic behavior and greatest SERS activity.17   

On the other hand, CE arises from a charge-transfer mechanism, which enhances the 

analytes’ polarizability through the interactions between plasmonic surface and analyte. 

Notably, the contribution from CE enhancement only encompasses up to ~103 which limits 

its applications involving chemical species such as thiolated molecules.18 Nevertheless, 

both EM and CE are crucial factors that aid to improve the SERS detection performance to 

achieve ultra-trace detection level with high sensitivity when the analytes are close to 

plasmonic surfaces. 
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1.2 Strategies for enhancing SERS platforms performance 

Owing to the significant signal enhancements from EM mechanism, most strategies are 

focused on manipulating the plasmonic nanoparticle arrangement through bottom-up self-

assembly approaches.19 Organizing nanoparticles into an array can result in strong 

plasmonic hotspots via plasmonic coupling between neighboring nanoparticles, which can 

create intense and consistent EM field enhancements across centimeter scale.20 However, 

due to the surface-sensitive phenomenon, the field enhancements caused by these hotspot 

engineering strategies are only effective when the analyte is close enough to the plasmonic 

surface to be able to access these hotspots (Figure 1-1).19, 21, 22,  To overcome this challenge, 

2D/3D platforms are emerging solutions to enhance SERS signals and/or manipulate 

analyte close to the plasmonic surface.23, 24 In this section, We discuss the contemporary 

strategies used for 2D substrate to boost SERS performance.  

 

Figure 1-1. (A) Schematic shows the finite difference time domain (FDTD) simulation of 

the 

electric field distribution of an Au NP. (B) The plot shows the intensity of SERS 

enhancement on the distance from Au surfaces. Reproduced with permission ref 24. 

Copyright 2013 American Chemical Society.  

 

1.2.1 Two dimensional (2D) assembly of nanoparticles 

2D plasmonic nanoparticles/nanostructures array assembly is most commonly 

employed due to the presence of strong and consistent SERS-active area resulting from the 



10 
 

plasmonic coupling between neighboring nanoparticles.25-27 The 2D assemble nanoparticles 

can be made/used directly without any substrate or transferred onto supporting substrate.28 

In this sub-section, we will only focus on commonly used bottom-up approaches which are 

controlled by various interactions such as electrostatic interactions, hydrogen bonding and 

van der Walls interactions within the nanoparticles. 20. 27-29  

Bottom-up preparation of 2D SERS platforms is typically achieved by utilizing 

nanoparticle self-assembly, and the liquid-air and liquid-liquid approaches are the most 

common method for the fabrication of 2D assembly.25 For liquid-air or liquid-liquid 

techniques, nanoparticles are spontaneously adsorbed to the interface to minimize 

interfacial free energy.30-32 This allows the particles to form a close-packed metacrystals 

and this assembly method have been demonstrated using various type of nanoparticles.20 

Such stable adsorption phenomena at the interfaces provide a versatile method to control 

nanoparticle organization and by extension, the strength of electromagnetic field 

enhancement in the resulting metacrystal.  

Langmuir-Blodgett method (Figure 1-2) is generally used to form 2D metacrystal at 

the liquid-air interface by adding a non-polar, immiscible nanoparticle solution over the 

aqueous layer.33 Then, the compactness is modulated by systematically altering the surface 

pressure. For example, the particle density of Ag nanoparticles is increased while increasing 

the surface pressure. The increase in particle density causes the color of particle assembly 

to change from yellow to metallic silver which indicates that the plasmon coupling is 

increased between the particles.29    
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Figure 1-2. Schematic of Langmuir-Blodgett assembly method at liquid-liquid interfacial. 

Reproduced with permission ref 29. Copyright 2013 American Chemical Society.  

 

For liquid-liquid interface, the assembly is typically formed at two different densities 

of solvent, such as water and low polarity organic solvents. This method presents two liquid 

phases to provide additional hydrophobic/hydrophilic interaction between the 

nanoparticles.30 Such interaction enables the modulation of the particle orientation and 

particle interfacial position to create different metacrystals.27, 34, 35 A notable example here 

is the concept to use a shape-controlled Ag nanoparticle to create multiple superlattices 

(Figure 1-3). The concept of this work is to program shape-controlled Ag nanoparticle as a 

building block and manipulate the hydrophilicity/hydrophobicity of particle surface to 

create different interactions between the particle surfaces and two liquid phases. This 

creates several types of metacrystals assembly using shape-controlled nanoparticle as 

building block, including close-packed and several type of open structures.27 Notably, the 

standing hydrophobic Ag nanocubes exhibit a hexagonal array with a packing density of 

24 % (Figure 1-4). Although the Ag nanocubes packing density is relatively low, the field 

enhancement is about 26-fold stronger than that exhibited by the square close-packed array 

(100 % packing density) while using 532 nm laser. Most importantly, the SERS 

enhancement factor is 350-fold higher than the square close-packed array. These results 

show that “more is not always better” for 2D metalcrystal assembly, which completely 
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changes the belief that maximizing the number of nanoparticles into a same space is 

necessary to create high SERS performance. The bottom-up approaches thus show the 

potential for metacrystal assembly and optimal 2D hotspot engineering to control 

electromagnetic field enhancements.  

 

 

Figure 1-3. Schematic of gel-trapping technique to create multiple superlattices of 

nanoparticles at liquid-liquid interfacial. Reproduced with permission ref 27. Copyright 

2015 Nature publication group. 

 

 

 

Figure 1-4. (A) The contact angle changes when Ag film functionalized with different thiol 

group. (B) Ag octahedra packing packing patterns transit from hexagonal close-packed 

superlattice to the open hexagonal metacrystal and into the square packing while increasing 

hydrophobicity. All scale bars, 200nm. (C) Schematic shows the transition process between 

three types of superlattices. Reproduced with permission ref 27. Copyright 2015 Nature 

publication group. 
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Although the 2D assembled substrate is able to provide strong electromagnetic field 

enhancement, the lack of any specific surface functionalization on SERS substrate generally 

results in hydrophilic surface and the analytes typically spread across the substrate during 

their drying.29 Such analyte spreading dilutes the molecular surface concentration on SERS 

substrate effectively, which becomes a significant challenge in obtaining reproducible and 

strong SERS signals for trace detection. 

 

1.2.2 Molecule enrichment by Superhydrophobic SERS platforms  

Physical strategy is a promising approach to enrich target molecules directly in the 

SERS-active region because they are not restricted to the chemical nature of analyte and are 

crucial for molecular detection at ultratrace concentration. As compared to hydrophilic 

substrates, superhydrophobic (SPHB) SERS platforms are capable of confining liquid 

samples into a small contact area, emerging as a new method to detection highly dilute 

aqueous samples. A surface is considered superhydrophobic if its effective contact angle 

droplet is equals to or bigger than 150o. Notably, the contact angle is measured through the 

liquid whereby the liquid-vapor interface meets the solid surface. 36 By creating microscale 

or nanoscale surface roughness and modifying the surface with hydrophobic chemical 

functionality, water-repellent test shows that the water contact angle can achieve more than 

150o on SPHB substrates.37 SPHB substrates exhibiting Cassie-Baxter wetting states are 

more efficient in achieving superior concentrating effect. The analytes thus will be confined 

within a localized area on the SERS substrate during drying, enabling detection limits down 

to attomolar range.   

SPHB surfaces are common in nature, and in fact some of them have been used to make 

as green SERS platforms. For example, the taro leaf exhibit hierarchical micro-

/nanostructures, comprising micro-papilla on its surfaces. Thus, this unique tiny structure 
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makes the leaf exhibit superhydrophobicity and exhibit contact angle of 154o.38 By coating 

20 nm of Ag nanoparticles onto the leaf surface to impart SERS activity, and it allows 4 μL 

of rhodamine 6G droplet to concentrate on taro-leaf@Ag platform to form an area of 0.3 

mm2. Thus, the corresponding analyte concentrating factor is about 43-fold higher than the 

normal hydrophilic surface. 

The taro-leaf@Ag exhibits high signal reproducibility (R.S.D = 9.7 %) and the 

detection limit can reach 10-8 M with an enhancement factor of around 106 on this platform. 

The taro-leaf@Ag substrate has also been used for the detection of furazolidone, a 

prohibited aquaculture drug. However, structural variations in the naturally-occurring 

hierarchical micro-/nanostructures can induce the differences in surface wettabilities during 

processing, which affects the sensitivities of such SERS platforms. 

The bottom-up approaches are the most straightforward method to create SPHB 2D 

substrates, since its can achieved by large-area assemblies of plasmonic particles, followed 

by surface chemical functionalization to induce superhydrophobicity on the surface. 

Additionally, the crystalline nanoparticles can boost the SERS enhancement effectively as 

compared to polycrystalline Ag film. The first bottom-up fabricated SPHB SERS platform 

is prepared by the assembly of Ag nanocubes at the air-liquid interface then followed by 

coating with an additional Ag layer via thermal evaporation and chemical surface 

modification with perfluorodecanethiol.39 By studying the impacts of the nanocubes density 

and surface roughness on the different substrate, the advancing contact angle can reach 169o. 

To determine the contact angle hysteresis, advancing and receding contact angles are 

measured from dynamic experiments. The advancing contact angle can be described as a 

measure of the liquid-solid cohesion. Advancing contact angles can be measured directly at 

the advancing edge of a liquid drop.40 By comparing SPHB with normal hydrophilic surface, 

the SPHB platform performs 14-fold smaller contact area upon droplet drying. The R6G 
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analytical enhancement factor is 1011 and the detection limit can reach 10-16 M with only 1 

µL analyte solution. This detection method is able to create great opportunities for high-

efficiency and cost-/time-effective sensing of biomolecules, drug, and food additives.  

 

 

1.3 SERS in bio-applications  

To date, SERS is increasingly utilized as a detection technique in the biological field, 

due to its high sensitivity that can reach the single molecule level, non-invasive nature and 

ability to perform multiplex detection, such as SERS in cellular imaging,41, 42  DNA 

detection,43, 44  drug detection is blood plasma.24, 45 Because the fluctuation of pH, and 

temperature changes can easily affect the stability of bioanalytes, SERS can be a promising 

technique which is able to obtain spectra from solution mixture directly without causing 

analytes decomposition (Figure 1-5).46, 47 For instance, core shell Ag@Au nanoparticles 

have demonstrated its ability to detect histone acetyltransferase p300 which is an important 

transcriptional coactivator protein.48 Furthermore, by integrating SERS with microfluidic 

devices, it enables the detection of nine types of E. coli strains within a microfluidic 

device.49 Notably, the resulting SERS spectra provides clear fingerprint of each molecule 

hence allow successful classification by chemometric analysis. Moreover, owing to the 

tunability of SERS excitation wavelength to enable near-IR range operations, this prevents 

the sample from exhibiting fluorescence and photodegradation of biomolecules.  
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Figure 1-5 In vivo cancer targeting and surface-enhanced Raman detection. Top: 

Photographs showing a laser beam focusing to the tumor site or to the anatomical location 

of liver. Lower: SERS spectra obtained from the tumor and the liver locations by using (A) 

targeted and (B) nontargeted nanoparticles. Two nude mice bearing human head and neck 

squamous cell carcinoma (Tu686) xenograft tumor (3 mm diameter) received 90 uL of ScFv 

EGFR-conjugated SERS tags or pegylated SERS tags (460 pM). In vivo SERS spectra were 

obtained from the tumor site (red) and the liver site (blue) with 2s signal integration and at 

785 nm excitation. Reproduced with permission ref 46. Copyright 2010 Wiley. 

 

Owing to the advantages of SERS, one area in which SERS has high potential to be 

employed is in metabolomic studies. Metabolomics combines analytical technologies with 

statistical and multi-variant methods for identification and quantification of cellular 

metabolites, and is a rapidly emerging field for functional genomics research.50, 51 

Metabolomics is considered as broadcasting signals from metabolites which are able to 

reveal the physiological state of organism. The metabolites are downstream products from 

the organisms, which are linked to the phenotype closely.52-54 Recently, many types of 

metabolites from our body have been studied by using different types of analytical 
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technologies for qualification and quantification, such as organisms,51 tissues or fluids, 

either identified or unknow compounds. Mass spectrometry is the main detection technique 

to analyze many metabolites at a same time, since it can be coupled to different types of 

machines, such as high-performance liquid chromatography (HPLC-MS), and gas 

chromatography mass spectroscopy (GC-MS).  For example, the Parkinson’s disease has 

been studied by using liquid chromatography coupled with electrochemical coulometric 

array detection (LCECA) method to discover the biomarker in plasma.55 Although current 

results hold promises in this detection strategy, there are several bottlenecks in metabolomic 

analysis which remains unresolved. For instance, current detection strategy is unable to 

analyze the whole metabolome profile due to the huge variety of chemical structures and 

abundance difference. Furthermore, for chromatography, large amount of sample is needed. 

Ion suppression will affect the sample recovery and sample loss will occur during the 

concentrating and detection process. Moreover, biological sample often requires 

complicated sample preparation such as solid phase extraction and liquid-liquid extraction 

to reduce interferences caused by the matrices which will result in poor separation 

efficiency and inaccurate retention times. Most importantly, chromatography and mass 

spectroscopy are expensive, cumbersome, and have long detection times, which are not 

viable for routine point-of-care diagnostics.56 Thus, there is a need to go beyond 

conventional analytical techniques to overcome the current bottlenecks in biomolecular 

detection which provide opportunities in drug development and identify novel biomarker 

for medical diagnosis.  

Given the vast advantages of SERS in bio-applications, SERS is highly suitable for 

metabolomic studies because it has the ability to provide a multiplex detection with short 

detection period and high accuracy. Furthermore, SERS has the capability to discriminate 

many classes of biologically relevant molecules that is not possible via MS. For example, 
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SERS can identify and quantify nicotine and two of its major metabolites which have similar 

chemical structures (Figure 1-6).57 Another example is to make use of the mirror effect for 

oxytocin detection under single gold nanosphere on a metal film junction which can 

enhance the surface enhancement to achieve single molecule detection.58 However, the 

current challenge that is impeding SERS as an efficient biomedical profiling tools arises 

from the lack of high-performance SERS platform with ultrasensitive detection. Therefore, 

it is necessary to create a highly sensitive SERS-active nanostructures surface for those 

without specific interaction and low-concentration metabolites in a complex biological 

sample. In addition, most of metabolite molecules suffer from low Raman cross-section and 

weak affinity with the SERS-active surfaces, resulting in SERS spectra with low signal-to-

noise ratio and low reproducibility. As such, a point-of-care and universal SERS platform 

with high performance is much needed for metabolites detection in biological samples. 

 

Figure 1-6. (A) pH profiling SERS results from the nicotine, cotinine and trans-30-

hydroxycotinine under investigation. The peak area averages at 1030 cm-1 were calculated 

from the 15 replicate spectra at each pH for each of the analytes. (B) Schematic of the 

artificial neural network (ANN) predictions trained with the input SERS data from mixtures 

of nicotine, cotinine and trans-30 -hydroxycotinine at all three pH conditions. Points show 

the averages of the test data only with standard deviation error bars. Reproduced with 

permission ref 56. Copyright 2014 Royal Society of Chemistry. 
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1.4 Motivations and objectives 

Therefore, the fabrication of plasmonic nanoparticles via assembly and surface 

functionalization has permitted significant improvement in SERS performance which has 

potential applications in diverse fields ranging from metabolites detection to environmental 

detections. Using plasmonic nanoparticles as building blocks to create 2D metacrystals 

generate plasmonic platforms with strong hotspots and affords trace molecule detection 

applications. The superhydrophobicity of the platforms also potentially overcomes the 

current bottleneck arising from the low analyte concentration on the SERS-active region. 

Moreover, the grafting of specific probe on plasmonic cube overcomes the bottleneck 

arising from weak analyte affinity to the particle surface. Collectively, these platforms allow 

SERS to be broadly employed for ultra-trace analyte sensing, multiplex sensing, and 

reaction monitoring. 

Despite the improvements in SERS development, there are still few challenges and 

research gaps that need to be addressed to further translate SERS research toward applicable 

application such as for routine point-of-care diagnostics. Firstly, SERS detection for 

ultratrace small molecules detection which exhibit low Raman scattering cross-sections and 

do not have interaction with the plasmonic nanoparticle surfaces still remains difficult. An 

important thing to note is that SERS enhancement will be affected by the distance between 

the SERS hotspot and the target molecule. Majority of current SERS platform are 

predominantly designed for those molecules with specific affinity to plasmonic 

nanoparticles and with large Raman scattering cross-sections as a model analyte to 

showcase the capability to achieve high SERS enhancement factors. Therefore, surface 

modification of nanoparticle with different thiol-related ligands as probes can provide a 

suitable interaction and facilitate our molecule of interest close to nanoparticle surface. 

Secondly, despite the use of probe molecules to attract the metabolites close to particle 



20 
 

surface, performing multiplex and quantitative molecular detection from a complex matrix 

is still challenging. This problem is especially notable for biomolecules because the 

structural differences in the carbon skeleton often affects how the molecule functions in 

organism. However, in the context of biological molecules, the nature of hydrocarbon 

molecule come in many different forms, which remain a challenge for SERS analysis.  

Given the advantages of superhydrophobic substrate and the use of different probe 

molecules, it is thus ideal to combine two strategies to achieve an ultrasensitive plasmonic 

platform capable of improving SERS sensitivity of biomolecules and detecting structure 

isomers. Moving beyond molecule sensing, we also anticipate the development of the 

superhydrophobic SERS substrate to create a practical detection device for clinical 

application.  

The objective of my thesis is therefore to overcome the aforementioned limitations and 

translate SERS to real world applications by assembling plasmonic nanoparticles and 

selecting the surface probe for high SERS sensitivity. In chapter 2, we used one nanoparticle 

shape to achieve two types of orientationally distinct supercrystals, including plastic crystals 

and uniform metacrystals. Our strategy enhances supercrystal diversity for polyhedra 

comprising multiple nondegenerate facets by integrating multi-faceted Archimedean 

polyhedral with surface polymeric interaction to tune nanoparticle orientational order 

during self-assembly. In chapter 3 and 4, we conduct “capture-and-confine” strategy to 

significantly increase the SERS sensitivity for identification and quantification of two 

urinary metabolites. Particularly, in chapter 3, we design and fabricate optimized 2D 

nanoparticle array of two types of Ag nanoparticles to create highly sensitive SPHB SERS 

substrate with superior analyte concentrating effect toward high SERS sensitivity. We 

employ the nanoscale surface chemistry on SERS-active Ag nanocubes to chemically 

capture the target urinary metabolites. In chapter 4, we further exploit the SPHB substrate 
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as a detection platform and develop a diagnostic kit toward point-of-care threatened 

miscarriage detection. The chemometric analysis will be used to build a prediction model 

to distinguish high-risk pregnant patients who eventually suffer a miscarriage with a high 

accuracy. In chapter 5, we present a SERS fingerprinting approach with intensified 

specificity over structural isomers, whereby the spectral data is acquired by diversifying 

their chemical interaction moieties with a surface functional probe. Finally, I conclude my 

thesis with a summary of my research works and provide an outlook for the future progress 

of SERS based metabolomics. The motivation is not just to create a niche area for onsite 

detection, but to simultaneously reveal the molecular-level understanding between 

plasmonic surface-analyte interactions. The insights gained from the increased molecular 

understanding lay the foundation of employing SERS technique for clinical studies. 
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Chapter 2: Modulating Orientational Order to Organize Polyhedral 

Nanoparticles into Plastic Crystals and Uniform Metacrystals 

 

Abstract. In nanoparticle self-assembly, the current lack of strategy to modulate 

orientational order creates challenges in isolating large-area plastic crystals. Here, we 

achieve two orientationally distinct supercrystals using one nanoparticle shape, including 

plastic crystals and uniform metacrystals. Our approach integrates multi-faceted 

Archimedean polyhedra with molecular-level surface polymeric interactions to tune 

nanoparticle orientational order during self-assembly. Experiments and simulations show 

that coiled surface polymer chains limit interparticle interactions, creating various 

geometrical configurations among Archimedean polyhedra to form plastic crystals. In 

contrast, brush-like polymer chains enable molecular interdigitation between neighboring 

particles, favoring consistent particle configurations and result in uniform metacrystals. Our 

strategy enhances supercrystal diversity for polyhedra comprising multiple nondegenerate 

facets.  
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2.1 Introduction 

Gaining control over the translational and orientational order among polyhedral 

nanoparticles is critical to create structurally diverse supercrystals, because tailoring the 

precise spatial organization of these building blocks is key to achieve unique collective 

optical,1-7 magnetic,8-10 and electronic11-14 behaviors. Polyhedral nanoparticles are 

particularly attractive building blocks, because the presence of different crystal facets, 

vertices, as well as edges enables them to pack in a variety of geometrical configurations.15-

29 Thus far, successful modulation of the translational parameters to achieve long-range 

periodicity has given rise to a multitude of large area supercrystals with different 

structures30-41 Typically, supercrystals with long-range translational order can be broadly 

classified as (1) uniform metacrystals exhibiting orientational order where building blocks 

achieve consistent alignment in the crystal structure, or (2) plastic crystals with reduced 

orientational order in which the building blocks orientate randomly in their lattice positions. 

To date, there is no strategy to modulate orientational parameters and controllably isolate 

the resulting plastic crystals over large areas for further investigations on macroscopic 

material behaviors. Majority of reported plastic crystals are observed under tightly 

controlled transient experimental conditions or arise erroneously in the irreversible atomic 

surface attachment of neighboring particles during self-assembly.42-45 In contrast to this 

scarcity of nanoparticle-based plastic crystals, molecular plastic crystals formed using 

imidazolium salts,46 pyrrolidium salts,47 and fullerenes48-49 have already demonstrated 

superior ionic conductivity as well as temperature-independent thermal conductivity. Such 

unique properties arise from the local orientational disorder within the molecular plastic 

crystal structures, which further result in rapid ion transport capabilities that are otherwise 

unachievable in fully crystalline lattices.50 These observations certainly create an impetus 



28 
 

to gain orientational control among nanoparticles, such that plastic crystals can be 

controllably isolated for further material investigations.  

Here, we successfully modulate nanoparticle orientational order during liquid-liquid 

interfacial self-assembly to achieve two orientationally distinct supercrystals using a single 

nanoparticle morphology, including plastic crystals and uniform metacrystals. Our two-part 

strategy combines the use of multi-faceted Archimedean Ag polyhedra with tunable 

polymeric surface interactions to modulate orientational order. In the first part, we exploit 

the different non-identical crystal facets on the nanoparticles to form plastic crystal and 

uniform metacrystal: contact between non-identical facets creates orientational disorder 

characteristic of plastic crystals, whereas contact between identical facets establishes 

orientational order reminiscent of a uniform metacrystal (Scheme 2-1). The second part of 

our strategy introduces thiolated poly(vinylpyrrolidone) (PVP) and poly(ethylene glycol) 

(PEG) as model polymeric surfactants on the polyhedral nanoparticle surfaces to modulate 

the orientational order of these building blocks. 

 

Scheme 2-1. A two-part strategy to achieve two orientationally distinct supercrystals, 

including plastic crystal and uniform metacrystal. (a) The first part of the strategy begins 

with choosing multi-faceted building blocks such as Ag truncated cubes, cuboctahedra, and 

truncated octahedra. [100] facets are highlighted in cyan, whereas [111] facets are 
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highlighted in latte colors. (b) The second part uses polymer surface functionalities to 

introduce tailorable molecular interactions onto the nanoparticle surfaces. Thiol-terminated 

poly(vinylpyrrolidone) (PVP) chains coil up on the polyhedra’s surfaces during self-

assembly at the oil/water interface, resulting in a lack of interparticle interactions. The 

particles thus rotate independently and adopt various geometrical configurations at the 

interface, leading to plastic crystal formation. Thiol-terminated poly(ethylene glycol) (PEG) 

enables molecular interdigitation which helps to lock the building blocks and achieve 

consistent interfacial geometrical configurations, leading to the formation of uniform 

metacrystals. 

 

Our experiments and simulations collectively show that despite having similar 

macroscopic and nanoscopic properties, conformational differences between PVP and PEG 

chains on the nanoparticle surfaces lead to the formation of plastic crystals and uniform 

metacrystals, respectively. Simulations reveal that PVP chains adopt a coiled-up 

conformation on the particle surfaces and limit interparticle interactions. Consequently, 

PVP-functionalized polyhedra rotate independently and exhibit various interfacial 

geometrical configurations during self-assembly. This culminates in plastic crystals which 

exhibit long-range translational order but significantly reduced orientational order. In 

contrast, brush-like PEG conformation on the polyhedra surfaces enables molecular 

interdigitation between PEG chains on neighboring particles and enhances the orientation 

of PEG-functionalized particles to generate uniform metacrystals. These uniform 

metacrystals possess long-range translational and orientational order. Our approach is 

broadly applicable to Archimedean polyhedra, including truncated cubes, cuboctahedra, 

and truncated octahedra. By using two-dimensional (2D) metacrystal assembly as a proof-

of-concept to uncover key factors for orientational control, our approach opens additional 
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possibilities in supercrystal design and facilitates subsequent studies on the material 

properties of these supercrystals.   

 

2.2 Results and discussion 

To implement our two-part strategy in modulating the orientational parameters of the 

supercrystals, we use truncated Ag nanocubes, cuboctahedra, and truncated octahedra with 

various non-identical crystal facets as building blocks (Scheme 2-1a). To tailor the surface 

interactions of the Ag polyhedra prior to self-assembly, the nanoparticles are functionalized 

with a self-assembled monolayer of linear thiol-terminated polymers through standard 

ligand exchange reactions, including poly(vinylpyrrolidone) (PVP) and poly(ethylene 

glycol) (PEG) with ~15 and 20 monomer units, respectively. We employ the gel-trapping 

technique to organize the building blocks into supercrystals at the oil/water interface (Figure 

2-1). By isolating the resulting supercrystals in-situ at the interface right after nanoparticle 

self-assembly, this technique enables us to directly attribute the factors generating any 

orientational variation to our strategy. 

 

 

Figure 2-1. Schematic illustration of gel-trapping self-assembly for the formation of 2D 

plasmonic metacrystals. The aqueous phase comprises 2 wt% Gellan Gum and we use 

decane as the oil phase to conduct the experiment at 80oC. The functionalized Ag polyhedra 

are added to the interface and the set up is allowed to equilibrate before cooling down to 

room temperature. The aqueous phase gels at room temperature, trapping the assembled 

metacrystals at the interface and enabling the oil phase to be decanted. A premixed liquid 

of poly(dimethylsiloxane) (PDMS) is then poured over the metacrystals and allowed to 
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polymerize. After polymerization, the PDMS film can be lifted off for subsequent 

characterization.   

 

Using Ag cuboctahedra comprising six square [100] and 8 triangular [111] facets as a 

model system, we observe two orientationally distinct supercrystals using different 

polymeric functionalizations: plastic crystal from PVP functionalization and uniform 

metacrystal from PEG functionalization (Figure 2-2). PVP-functionalized Ag cuboctahedra 

assemble into a hexagonal lattice with reduced orientational order (Figure 2-2a, i-iii). Color 

coded SEM image reveals high orientational disorder within this plastic crystal: 41 % and 

59 % of the cuboctahedra orient in the square [100] and triangular [111] facets facing up 

configurations, respectively (Figure 2-2a, ii, c). 

 

Figure 2-2. Forming two orientationally-distinct supercrystals using Ag cuboctahedra. (a) 

Functionalizing Ag cuboctahedra with PVP results in a plastic crystal. (i) SEM and (ii) 

close-up image of the plastic crystal. White dotted lines in (i) show the unit cell, and the 
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inset in (i) is the Fast Fourier Transform (FFT) of the plastic crystal. FFT analysis is used 

to provide information on the particle packing arrangements.51 SEM image in (ii) is color 

coded to highlight the different particle orientations, with cyan and latte colors representing 

[100] and [111] facets respectively. (iii) Schematic illustration of the plastic crystal. (b) 

Functionalizing Ag cuboctahedra with PEG results in a uniform metacrystal. (i) SEM and 

(ii) close-up image of the uniform metacrystal. White dotted lines in (i) show the unit cell, 

and the inset in (i) is the FFT of the uniform metacrystal. SEM image in (ii) is color coded 

to highlight the particle orientations. (iii) Schematic illustration of the uniform metacrystal. 

(c) Orientational analyses of the supercrystals organized from the respectively 

functionalized Ag cuboctahedra. (d) Radial distribution function analyses of both 

supercrystals indicate long-range translational order. 

 

In this mixture of particle orientations, neighboring particles contact each other via a 

combination of square-to-square and square-to-triangle facets, corresponding to [100]-[100] 

and [100]-[111] configurations, respectively (Figure 2-2a, iii). While the orientational order 

of this structure is low, radial distribution function (RDF) analyses of this supercrystal 

demonstrate good translational order and periodicity (Figure 2-2d). The RDF describes how 

the density of surrounding matter varies as a function of the distance and periodicity.52 

Multiple peaks show up in the RDF profile, which are indicative of consistent long-range 

nearest neighbor distances (Figure 2-2d, red line). The various facet-to-facet contacts in this 

plastic crystal gives rise to a relatively high estimated packing efficiency of 75 %, indicating 

that this structure is thermodynamically stable (Figure 2-3). On the other hand, PEG-

functionalized Ag cuboctahedra form a square close-packed metacrystal (Figure 1b, i-iii). 

Particle orientation analyses indicate good orientational order, with ~ 95 % of the Ag 

cuboctahedra in this metacrystal oriented in the square [100] facet facing upwards 
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configuration (Figure 2-1b, ii, c). Neighboring particles predominantly contact each other 

via the square [100] facets (Figure 1b, iii). RDF analyses show good long-range 

translational order, and the packing efficiency of this metacrystal is 83 % (Figure 2-1d, 

black line, Figure 2-4). These observations demonstrate the successful implementation of 

our strategy to modulate the orientational parameter of our building blocks. More 

importantly, our strategy enables the formation and isolation of nanoparticle-based plastic 

crystals over areas of 4 cm2 for the first time (Figure 2-5). 

 

Figure 2-3. Estimating the packing efficiency of the plastic crystal formed using PVP-

functionalized Ag octahedra. The packing efficiency is estimated to be 75 %. The simplest 

repeat unit of the open structure corresponds to a rhombic repeat unit as shown above. As 

with the nature of plastic crystals which exhibit reduced orientational order, the repeat unit 

can change from area to area. We have simplified the repeat unit to facilitate the calculations. 

Consequently, the estimated 75 % is likely an overestimate. See the calculation in appendix.  

 

 

Figure 2-4. Packing efficiency of metacrystal organized using PEG-functionalized Ag 

cuboctahedra. The simplest repeat unit of the metacrystal is shown by the black square 

above.  
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Figure 2-5. Digital image of a typical supercrystal formed using our strategy can form a 

large area of assembly. 

 

The formation of two orientationally distinct supercrystals using the same building 

blocks but different polymeric surface functionalities indicates that PVP and PEG play 

critical roles in the self-assembly process. We examine their roles in our self-assembly 

experiments at three different levels, beginning from the macroscopic level before 

systematically scaling down to the nanoscopic and molecular regimes. The macroscopic 

level relates to the bulk surface hydrophilicity of these two polymers, which can be 

characterized by measuring the static contact angles of PVP- and PEG-functionalized Ag-

coated substrates using water and decane. Both polymer-functionalized bulk Ag surfaces 

exhibit similar static water contact angles of ~ 40o and static decane contact angles of ~ 25o, 

indicating that both polymers have similar hydrophilicity and their bulk surface wettabilities 

do not contribute towards the difference in supercrystal structure (Figure 2-6a).  
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Figure 2-6. (a) Contact angle measurements of PVP- and PEG-functionalized Ag films 

using water and decane. (b) AFM images (top) and height profiles (below) of PVP- and 

PEG-functionalized Ag cuboctahedra. (c) Relative amounts of PVP- and PEG-

functionalized Ag cuboctahedra in contact with the aqueous phase.  

 

Next, we direct our focus to the nanoscopic level and characterize how PVP and PEG 

functionalization affects the nanoparticle orientation and position at the oil/water interface. 

These two parameters provide insights on how much of these nanoparticles is in contact 

with both liquid phases at the oil/water interface, and allows us to directly evaluate if 

nanoscale surface wettability is responsible for the formation of different supercrystals. 

During metacrystal transfer from the oil/water interface to a PDMS film, part of the Ag 

cuboctahedra which is in contact with the aqueous phase will be exposed on the PDMS 
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surface We use atomic force microscopy (AFM) to investigate the orientation and position 

of the functionalized Ag cuboctahedra. The particle orientation from AFM characterization 

remains consistent with the SEM images, with PVP-functionalized Ag cuboctahedra 

adopting a mixture of [100] and [111] facets facing upward orientations and PEG-

functionalized ones exhibiting predominantly square [100] facet facing upward orientations 

(Figure 2-6b).  

 

By using AFM to measure the height profile of the polymer-functionalized Ag 

cuboctahedra on the PDMS surface, we can further derive the height percentage in contact 

with the aqueous phase (%particlewater) using the relation %particlewater = (HAFM/Horientation) 

* 100 %. HAFM relates to the measured height of the Ag cuboctahedra above the PDMS film, 

and Horientation is the full height of Ag cuboctahedra at the respective orientation. Moreover, 

both polymer-functionalized Ag cuboctahedra show similar interfacial positions with 

approximately 57 % of the particles exposed to the aqueous phase (Figure 2-6b). This 

similarity indicates that both PVP and PEG functionalization gives rise to similar 

nanoparticle wettability at the oil/water interface, and hence surface wettability at the 

nanoscale is not key to the formation of orientationally distinct supercrystals at the oil/water 

interface. Instead, a more nuanced difference between the molecular-level behaviors of 

these two polymers on the nanoparticle surface might give rise to the different supercrystals 

using the same building blocks. 

 

At the molecular level, we employ molecular dynamics (MD) simulations to investigate 

how polymeric interactions between surface functionalities impact the orientational 

alignment of the Ag cuboctahedra at the interface (Figure 2-7). Briefly, we use all-atomic 

models to construct Ag cuboctahedra building blocks and the self-assembled monolayer of 
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PEG or PVP chains on the polyhedra surfaces. This model enables us to accurately account 

for the interactions between all entities in our system, including the Ag cores, the surface 

polymer functionalities, and the solvents used in the experiments. Two Ag cuboctahedra are 

placed in an oil/water interface with their [100] facets facing upwards as the initial 

configuration, where we define the initial orientational 2-7b).  

 

 

Figure 2-7. Using molecular dynamics simulations to understand the self-assembly process. 

(a) Simulation snapshots of the self-assembly process between two (i) PVP-functionalized 

and (ii) PEG-functionalized Ag cuboctahedra. Dashed boxes (green) at 8 ns and 10 ns 

highlight chain overlaps between PEG chains. (b, i) Changes in the orientational vectors for 

the Ag cuboctahedra and (ii) difference in the orientational vectors between particle 1 (P1) 

and particle 2 (P2) over the course of simulations. 
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Tracking the changes in the orientational vectors provides a quantitative analysis of the 

orientation variation between the particles over the course of simulation (Figure 2-7a). 

Orientational changes in the clockwise direction are taken as positive, whereas directional 

variations in the counterclockwise direction are taken as negative. We observe distinct 

trends in the orientation changes between the two different polymer-functionalized systems 

even though they begin with identical initial configurations, and these orientational 

variations mirror our experimental results (Figure 2-7a). Notably, the two PVP-

functionalized Ag cuboctahedra quickly lose their orientational alignment within 4 ns of the 

simulations, and this orientational difference increases over time (Figure 2-7a, i). Such 

divergence in building block orientations also manifest quantitatively in the orientational 

vector changes over time (Figure 2-6b, i, red points). Orientational difference between the 

two PVP-functionalized particles changes by up to 18o during simulations, highlighting that 

both particles tumble independently and loses orientational alignment at the oil/water 

interface (Figure 2-7b, ii). In contrast, the two PEG-functionalized Ag cuboctahedra largely 

maintain their orientational alignment relative to each other throughout the same duration 

of simulations (Figure 2-7a, ii). The orientational vectors between the two PEG-

functionalized Ag cuboctahedra remain mostly synchronized with each other, with smaller 

than 7o flux in their relative orientations (Figure 2-7b, i and ii, black points). The slight tilt 

of the PEG-functionalized Ag cuboctahedra likely arises from Brownian motion at the 

oil/water interface. The collective observations from these simulations corroborate well 

with our experimental findings, in which PVP-functionalized building blocks do not 

maintain orientational order at the oil/water interface and PEG-functionalized particles 

largely preserve their orientation over the course of simulations. 
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A closer examination of the simulation snapshots reveals important conformational 

differences between PVP and PEG chains on the Ag cuboctahedra surfaces, which holds 

the key to the observation of unique supercrystals. PVP chains adopt a more coiled up 

conformation because of the apolar backbone, and both the amide and thiol functionalities 

can potentially interact with the Ag surfaces (Figure 2-7a, i, Figure 2-8a). Furthermore, 

there is a lack of interactions between the coiled PVP chains on the neighboring particles. 

The nanoparticles thus behave as independent entities and rotate freely at the interface, in 

turn leading to a huge difference in the orientation vectors between the two particles. The 

sequential simulation snapshots show a progressive change from [100]-[100] contact 

between the two cuboctahedra to resemble that of [100]-[111] contact over the course of 

simulations, with the triangular [111] facet of particle 2 turning towards the square [100] 

facet of particle 1 (Figure 2-7a, i). This loss of orientational order between the building 

blocks parallels our experimental observations, which eventually culminates in large area 

plastic crystal formation.  
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Figure 2-8. Analyzing the surface interactions and conformations for (a) PVP- and (b) PEG-

functionalized Ag cuboctahedra. (i) Close-up simulation snapshots taken at simulation time 

= 10 ns. (ii, iii) Height profiles of PVP-functionalized Ag cuboctahedra surface derived 

from molecular dynamics simulations. Two-dimensional plots are shown in (ii), and (iii) 

representative line profile across the surface, corresponding to the dashed lines in (ii). (c) 

Experimental measurements for the hydrodynamic diameters of the respectively 

functionalized Ag cuboctahedra. 

 

In contrast, we observe a small population of the PEG chains between the two Ag 

cuboctahedra beginning to overlap from 8 ns onwards, implying the occurrence of 

molecular interdigitation (Figure 2-7a, ii, Figure 2-8b). The linear PEG chains stretch out 

from the nanoparticle surfaces due to their superior water binding properties along the 

polymer backbone and attachment onto the Ag surface via a single thiol functionality. Such 
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brush-like conformation facilitates molecular interdigitation between PEG chains on the 

neighboring particles, which can provide orientational alignment capabilities between the 

Ag cuboctahedra to maintain [100]-[100] facet contact and result in uniform metacrystal 

formation. During supercrystal formation, these molecular-level interactions can potentially 

provide unique orientational alignment capabilities for PEG-functionalized Ag 

cuboctahedra and lead to the formation of uniform metacrystals. In addition, experimental 

hydrodynamic measurements further demonstrate that PVP chains are less extended than 

PEG chains on the Ag cuboctahedra surfaces, corroborating well with findings from our 

simulations which demonstrate how molecular-level interactions between the polymer 

chains on neighboring nanoparticles can modulate the orientational parameters of the 

resulting supercrystals (Figure 2-8c).  

 

In addition to Ag cuboctahedra, our approach to modulating orientational order can 

also be extended to other Archimedean solids such as truncated cubes and truncated 

octahedra (Figure 2-9a-d). The surface area ratio between all the [100] and all the [111] 

facets ranges from 8.4 for truncated cubes to 1.7 for cuboctahedra, and 0.3 for truncated 

octahedra respectively, indicating that a slight truncation giving rise to different crystal 

facets is sufficient to achieve plastic crystals. PVP functionalization results in the formation 

of plastic crystals for both truncated cubes and truncated octahedra, whereas PEG 

functionalization of the same building blocks assemble into uniform metacrystals. PVP-

functionalized truncated cubes form quasi-hexagonal structure with long-range translational 

order (Figure 2-9a, b, I, j). There is high orientational disorder among the building blocks 

within the array: 55 % of the building blocks are predominantly oriented with the square 

[100] facets facing upwards, and the remaining building blocks are oriented with the 

triangular [111] facets facing upwards (Figure 2-9i). As for PVP-functionalized truncated 
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octahedra, we observe a hexagonal close-packed plastic crystal with good translational 

order but low orientational order (Figure 2-9c, d, i, j). ~ 68 % of the building blocks are 

oriented with [111] hexagonal facet facing upwards, and 32 % of the remaining particles 

are split between [110] edge and [100] facet facing upwards (Figure 2-9i). 

 

Figure 2-9. Different types of supercrystals assembled using PVP- and PEG-functionalized 

Ag polyhedra. (a-h) Plastic crystals are formed using PVP-functionalized Ag polyhedra, 

including (a, b) truncated nanocubes and (c, d) truncated octahedra, whereas uniform 

metacrystals are formed using (e,f) nanocubes and (g, h) octahedra. Insets are the 

corresponding FFT images. Unit cells are highlighted by the dashed white lines. (b, d, f, h) 

Close-up SEM image (left) and corresponding schematic illustration of the metacrystal 

(right). SEM images are color coded to highlight the different facets, with cyan and latte 

colors representing [100] and [111] facets respectively. (i) Orientational analysis of the 

metacrystals formed using (left) PVP- and (right) PEG-functionalized Ag polyhedra. (j) 

Radial distribution function analysis of all supercrystals indicate long-range translational 

order. (k) Sphericity of the various building blocks. 
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In contrast, PEG-functionalization results in uniform metacrystals which enable 

overlap between the facets of the building blocks. PEG-functionalized truncated cubes 

organize into a square close-packed metacrystal with long-range translational order and 

good orientational order with 97 % of the square [100] facets facing upwards (Figure 2-9i, 

j, Figure 2-10a). PEG-functionalized truncated octahedra organize into a hexagonal close-

packed metacrystal exhibiting good translational and orientational order (Figure 2-9i, j, 

Figure 2-10b). Nearly all building blocks oriented in the [110] edge facing upwards 

configurations (Figure 2-9i). The [110] edge facing upward orientation allows greater 

overlap between the facets of neighboring particles than the structure with the [111] facets 

facing upward (Figure 2-10e). 

 

 

 

Figure 2-10. Uniform metacrystals formed by PEG-functionalized (a) truncated nanocubes, 

(b) truncated octahedra, (c) nanocubes, and (d) octahedra. (e)Schematic illustration 

depicting the different packing patterns for PEG- and PVP-functionalized truncated 

octahedra. Maximal facet overlap can be achieved using PEG-functionalized truncated 

octahedra, whereas PVP-functionalized particles only allow half the facets to overlap. 
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In addition to the importance of molecular-level interactions in driving plastic crystal 

formation, the ease of organizing plastic crystals using Archimedean polyhedra arises from 

their high sphericity. Sphericity is a commonly used parameter to compare how closely an 

anisotropic polyhedral resembles an isotropic sphere, which has a sphericity of 100 % and 

thus exhibits essentially unlimited orientational freedom. Archimedean building blocks 

exhibit sphericities with values ranging from 87 to 91%, and this resemblance to a sphere 

results in a higher orientational freedom (Figure 2-9k, Table 2-1). The presence of [100] 

and [111] facets on these nanoparticles allow them to approach each other in various facet-

overlapping configurations, which gives rise to a mixture of particle orientations in the 

resulting plastic crystals, including square-square, square-triangle, square-hexagonal, and 

hexagonal-hexagonal (Figures 2-2 and Figure 2-9). To further support our argument, we 

show that Platonic nanoparticles such as cubes and octahedra do not form plastic crystals 

using our two-part strategy, because they are uniformly faceted with either [100] or [111] 

facets on their surfaces and have lower sphericities of 81 – 85 %. Favorable overlap between 

the facets of neighboring building blocks can only occur via identical square-square or 

triangle-triangle configurations. Consequently, both PEG- and PVP-functionalized Ag 

nanocubes assemble into similar uniform square close-packed metacrystals with good 

translational and orientational order (Figure 9e, f, i, j, Figure 2-10c). Likewise, both PEG- 

and PVP-functionalized Ag octahedra organize into uniform hexagonal close-packed 

metacrystals with long-range translational and orientational ordering (Figure 2-9g, h, i, j, 

Figure 2-10d). Nevertheless, we note that a slight vertex truncation such as in the case of 

truncated nanocubes is sufficient to drive plastic crystal formation using our approach. 

Coupled with the ease of using wet-chemistry synthetic protocols to tune building block 
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morphology, our approach to modulating orientational order can be extended to a variety of 

multi-faceted building blocks.   

 

Table 2-1. Sphericity of various building blocks. 

Morphology Sphericity (%) 

Sphere 100 

Truncated Cube 87 

Cuboctahedron 91 

Truncated Octahedron 91 

Cube 81 

Octahedron 85 

The sphericity of a building block morphology can be calculated using the equation: 

Sphericity = 
𝜋

1
3(6𝑉𝑝)

2
3

𝐴𝑝
 × 100       

where Vp refers to the volume of the building block and Ap refers to the surface area of the 

building block. 

 

2.3 Conclusion 

In conclusion, we demonstrate a two-part strategy to successfully gain control over the 

orientational ordering of polyhedral building blocks, which allows us to create two 

orientationally-distinct supercrystals for a single building block morphology at the oil/water 

interface. The combination of multi-faceted building blocks with tailorable polymeric 

surface interactions leads to the tunable formation of plastic crystals and uniform 

metacrystals over large areas. Functionalizing polyhedral building blocks such as 

Archimedean structures with PVP drives plastic crystal formation, whereas PEG 

functionalization results in uniform metacrystal. Coiled up PVP chains on the particle 
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surfaces limit molecular-level interactions between neighboring particles which lead to 

independent interfacial configurations, thus driving the formation of plastic crystals which 

exhibit long-range translational order but reduced orientational order. On the other hand, 

brush-like conformations of PEG chains on the nanoparticle surfaces enable molecular 

interdigitation between neighboring particles, resulting in the formation of uniform 

metacrystals with long-range translational and orientational order. Our approach to form 

plastic crystals can be extended to polyhedral nanoparticles with non-identical crystal facets 

on the nanoparticle surfaces. These nondegenerate facets give rise to high sphericity to 

enable the nanoparticles to adopt various configurations at the oil/water interface, thereby 

driving plastic crystal formation without compromising on thermodynamic stability. This 

ability to achieve plastic crystalline structures creates new opportunities for in-depth 

investigation of material properties for such plasmonic metacrystals. The use of nanoscale 

surface chemistry to gain orientational control can further be extended to other non-

plasmonic polyhedral morphologies. 

 

2.4 Material and methods 

Materials. Silver nitrate (≥99%), 1,5-pentanediol (≥97%), poly(vinylpyrrolidone) (average 

MW = 55 000 g/mol), poly(ethylene glycol) methyl ether thiol (average MW = 1000 gmol-

1), isopropyl alcohol, decane (≥99%), and were purchased from Sigma Aldrich; copper(II) 

chloride (≥98%) was from Alfa Aesar. Ethanol (ACS, ISO, Reag. Ph Eur) was obtained 

from EMSURE. Poly(N-vinyl pyrrolidone), Ω-thiol-terminated (average MW = 1,700 

gmol-1) was purchased from Polymer Source, Inc. Silicon elastomer curing agent and 

silicone elastomer base were purchased from Dow Corning. Gellan Gum (KELKOGEL®) 

was kindly sponsored by CP Kelco (USA). All chemicals were used without further 
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purification. Milli-Q water (>18.0 MΩ·cm) was purified with a Sartorius Arium 611 UV 

ultrapure water system. 

Synthesis & purification of shape-controlled Ag polyhedral. The synthesis of shape-

controlled Ag polyhedra was carried out via the polyol reduction route,53 starting first with 

the synthesis of Ag nanocubes. In a typical nanocube synthesis, 10 mL of CuCl2 (8 mgmL-

1), PVP (20 mgmL-1) and AgNO3 (20 mgmL-1) were separately dissolved in PD. 35 μL 

CuCl2 solution was added to the AgNO3 solution. 20 mL PD was then heated to 190 °C for 

10 min. PVP precursor solution will be added into the solution first, then followed by the 

addition of AgNO3 precursor solution into the round bottom flask. This process is repeated 

for approximately 20 min. After the synthesis of nanocubes was completed, the injection 

was continued using more concentrated precursor solutions. 10 mL of CuCl2 (8 mgmL-1), 

30 mL of PVP (20 mgmL-1) and AgNO3 (40 mgmL-1) were separately prepared in PD for 

the synthesis of truncated nanocubes, cuboctahedra, truncated octahedra, and octahedra. 

The reaction proceeded for 1 – 2 h, depending on the morphology required. For purification, 

the various Ag polyhedra solutions were separately re-dispersed in 20 mL ethanol after 

removing the PD via multiple centrifugation rounds, and diluted to approximately 200 mL 

using an aqueous PVP solution (0.2 gL-1). This solution was then vacuum filtered multiple 

times using PVDF filter membranes (Durapore®) with pore sizes ranging from 5000 nm, 

650 nm, 450 nm and 220 nm to remove impurities before finally dispersing in ethanol. 

 

Ligand exchange reactions. The purified Ag polyhedra dispersion was generally allowed 

to sediment. 0.5 µL of the sediment was dispersed in ethanol and centrifuged once more 

before dispersing in 1.5 mL of ethanol/isopropyl alcohol (1:1). 10 µL of 0.1 – 1 mM thiol-

terminated polymer solution was then added dropwise to this dispersion under stirring. 

Ligand exchange was allowed to take place for 4 hrs, followed by 2 rounds of centrifugation, 
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re-dispersal in 1.5 mL of ethanol/isopropyl alcohol (1:1), and addition of fresh thiol-

terminated polymer solution under stirring. This step was continued for another 3 hrs, 

followed by 3 rounds of centrifugation and washing with isopropyl alcohol/water (1:1). To 

study the contact angle of PVP- and PEG- we functionalized PVP and PEG ligand on 

thermally evaporated Ag films by soaking the substrate in a 10 mM thiol solution for at 

least 12 hrs. This allows the self-assembled monolayers to form before rinsing with ethanol 

to remove the excess unbound thiols.  

 

Interfacial gel-trapping experiments. 2 wt% gellan gum aqueous solution was used as the 

water phase and n-decane was used as the oil phase. The gellan gum solution was first 

heated to approximately 80oC in an oil bath to ensure that the gel was fully hydrated. 

Subsequently, pre-heated n-decane was added to the top of the gellan gum solution to create 

the oil phase. Functionalized Ag polyhedra were then added to the oil/water interface and 

the entire mixture was left at 80oC for approximately 15 min before being allowed to cool 

slowly to room temperature. Once the gel had set in the aqueous phase, the oil phase was 

then decanted gently. In place of n-decane, a layer of premixed PDMS precursor mixture 

(5:1 elastomer:curing agent) was poured over the nanoparticle monolayer and the container 

was left at room temperature for the PDMS to cure. After the PDMS had hardened, it was 

lifted off from the gel and washed in hot water. The gelling process did not affect the 

outcomes of the supercrystal formation. 

 

Characterization. The samples after self-assembly were directly characterized using 

scanning electron microscopy (SEM) (JEOL-JSM-7600F). Order analyses of the various 

assembled arrays were characterized using the freeware ImageJ®. The radial distribution 

function profiles were analyzed by converting the SEM images into a binary format, 
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followed by the automatic identification of the centers of the Ag polyhedra. Atomic force 

microscopy (AFM) was used to characterize the topologies in the self-assembled 

metacrystals on the PDMS molds using a Bruker Dimension ICON with NanoScope V 

controller from Bruker. Tapping mode (non-contact mode) image was acquired by using 

silicon probes (Tap300Al-G with 30 nm aluminium reflex coating) from BudgetSensor. 

Contact angles of the functionalized 114-nm thick Ag films were measured on a Theta Lite 

tensiometer equipped with a Firewire digital camera. Static contact angle was measured 

with a 4-µL ultrapure sessile water droplet. A total of five readings were taken at different 

spots on the same substrate for each of the thiol-functionalized Ag film and averaged to 

obtain the bulk contact angles. 

 

Molecular dynamics (MD) simulations. The GROMACS 4.6754 simulation package and 

GROMOS9655-56 force field were used for our MD simulations. Two neighboring atoms 

interacted with  each  other  through  van  der  Waals  interactions,  which  was treated using  

a  12-6 Lennard - Jones  (LJ)  potential  summed  over  all  pairs  of  atoms i  and j. Ag 

cuboctahedra with ~ 5.2 nm edge length were constructed using an all-atomic model, made 

up of 21774 Ag atoms and the LJ parameters for Ag atoms were used in previous work.57 

Thiol-terminated PVP and PEG molecular models employed in this study were generated 

from the small-molecule topology generator PRODRG.58 PVP chains were adsorbed onto 

the Ag cuboctahedra surfaces with loose c(2×2) lattice, and PEG chains were adsorbed onto 

the Ag cuboctahedra surfaces with (√3 ×√3)R30° structures to form self-assembled 

monolayers.59 We used 4 repeat units to represent PEG and 2 repeat units to represent PVP 

on the Ag cuboctahedra surfaces, which is proportional to the molecular weights of both 

polymers used experimentally. Water was modeled using the single point charge (SPC) 

model, with the bond lengths and angles held constant through the SETTLE algorithm. 
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Bond lengths of molecules were constrained using the LINCS algorithm. The cutoff 

distance for short-range non-bonded interactions was chosen to be 12 Å and long-range 

electrostatic forces were computed using the PME method.60-61  
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2.5 Appendix  

Calculation of edge length: 

• For a cuboctahedron with edge length x, 

Length of a  = √5
2⁄ 𝑥 

Length of b = √2𝑥 

Volume of repeat unit   = √5
2⁄ 𝑥 × (√2𝑥)2 

     = 2√5
2⁄ 𝑥3 

Volume of one cuboctahedron = 
5√2

3
𝑥3 

Packing efficiency of metacrystal  = 

5√2

3
𝑥3

2
√5

√2
𝑥3

 

     = 
10

6√5
 

     = 75 % 

 

• For a cuboctahedron with edge length x, Length of a = √2𝑥 

Volume of repeat unit   = (√2𝑥)3 

     = 2√2 𝑥3 

Volume of one cuboctahedron = 
5√2

3
𝑥3 

Packing efficiency of metacrystal  = 

5√2

3
𝑥3

2√2 𝑥3 

     = 
5

12
√2 

     = 83 % 
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Chapter 3: Surface-Enhanced Raman Scattering for Multiplex Identification 

and Quantification of Biological Small Molecules via Superhydrophobic 

Substrate  

 

Abstract. Surfaced-enhanced Raman scattering (SERS) technique exhibit a great potential 

for biomolecule component analysis as it provides specific molecular-level fingerprint 

information with great signal enhancements. However, SERS detection faces great 

challenge for small biological molecules at low concentration since small molecules have 

intrinsically low Raman scattering cross section and generally suffer from weak affinity 

with plasmonic particle surface. Herein, we demonstrate a “confine-and-capture” strategy 

to attain SERS-based multiplex identification and quantification of biological small 

molecules with assistance of chemometric analysis. In our strategy, we employ specific 

nanoscale surface chemistry to chemically capture the targets near SERS-active Ag 

nanocubes surface followed by physically confining them on a superhydrophobic SERS 

platform. Using two urinary metabolites as model molecules, 5β-pregnane-3α,20α-diol-3α-

glucuronide (pregnane) and tetrahydrocortisone (THC), our strategy enables their 

identification and clear discrimination with detection limit as low as 10-10 M. By applying 

chemometric analysis, we convert the molecular fingerprint into quantified information, 

with near-100% accurate quantification of their contents. Our strategy is general and can be 

expanded to a variety of biological significant small biomolecules for disease diagnosis and 

relevant biological function study.  
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3.1 Introduction 

Surface-enhanced Raman scattering (SERS) spectroscopy is an advanced analytical 

technique,1-3 which arises from the inelastic light scattering between photon and target 

molecules in the presence of noble metal nanostructured (Ag, Au, Cu) surfaces.4-6 SERS 

signals provide characteristic molecular fingerprints for unambiguous and multiplexed 

identification of structurally analogues. SERS shows great versatility in biological detection 

of DNA, cancer biomarkers, and proteins with detection limits reaching attomolar 

levels.7,8,9,10 Current most commonly employed analysis methods for traces targets such as 

gas/liquid chromatography mass spectroscopy (GC/LC-MS) and nuclear magnetic 

resonance (NMR), generally require complicated sample pretreatment and analyte isolation 

with several days, and the instruments are expensive.11, 12 On the other hand, SERS 

measurement can be performed within seconds without complicated sample purification 

and the entire instrument setup is highly portable. These collective advantages of SERS 

empower it to be one of the best candidates to be readily employed as a point-of-care 

detection of biological molecules for future clinical applications.13, 14 However, one of the 

key challenges that impedes SERS for actual biomolecule detection is the intrinsically low 

Raman activities of biomolecules.15, 16 This challenge is aggravated as most of the 

biomolecules exist in highly dynamic and complex fluid at low concentration, which often 

leads to weak signals and complicated spectra. Hence, an ideal detection strategy is highly 

required with the ability to enrich the analytes close to nanoparticle surface and enhance 

SERS sensitivity to provide a clear Raman feature for analysis. 

Herein, we demonstrate a two-pronged “confine-and-capture” strategy to efficiently 

generate the strongest SERS signal enhancement for rapid and ultrasensitive SERS 

screening of small metabolites with low Raman scattering cross sections. In our strategy, 

we design a plasmonic-active superhydrophobic SERS platform to physically concentrate 
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analytes into a ∼185-fold smaller area as compared to a hydrophilic substrate. Our target 

analytes, 5β-pregnane-3α,20α-diol-3α-glucuronide (pregnane) and tetrahydrocortisone 

(THC), are reported to be miscarriage-relevant urinary metabolites. To selectively capture 

our target analytes, we graft Ag nanocubes with a self-assembled monolayer of capturing 

agent that preferentially reacts with the metabolites through covalent interactions. Our 

strategy generates an analytical SERS enhancement factor (AEF) of 1012. By integrating 

advanced chemometric analysis, we are capable of identifying and quantifying THC and 

pregnane down to as low as 10-10 M with near 100% accuracy. Our strategy is a universal 

method that our platform can provide homogeneous intensity and high SERS enhancement 

for trace molecular detection.  

3.2 Results and discussion 

3.2.1 Fabrication of SPHB SERS Platform 

Compared to normal hydrophilic Au and Ag nanomaterials, a superhydrophobic 

substrate can overcome the random spreading of analyte on the substrate surface.17 This can 

allow us to physically reduce the liquid/solid contact area and effectively concentrate 

analytes into a small area upon liquid evaporation (Figure 3-1). Thus, the enrichment of the 

target molecules directly in the SERS-active surface region is favorable for improving the 

limit of analyte detection by decreasing the contact area.18 
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Figure 3-1. The working principle of superhydrophobic substrate over hydrophilic 

substrate. The X represents the diameter of contact area on superhydrophobic surface. The 

Y represents the diameter of the contact area on hydrophilic surface.  

In the first step of our ‘confine-and-capture’ strategy, we fabricate a superhydrophobic 

(SPHB) SERS substrate by employing bottom-up electrostatic assembling technique to 

form 2D binary Ag nanocubes and octahedra array on a silicon wafer.19 The Ag nanocube 

and Ag octahedra exhibit distinctive and strong localized surface plasmon resonances across 

the visible spectrum due to their excellent monodispersity. Both our synthesized nanocubes 

and octahedra exhibit > 95 % purity after post-purification. The well-defined tips generate 

intense electromagnetic field enhancements, and their size difference creates high surface 

roughness that is essential to achieve superhydrophobicity (edge length = 128 ± 7 and 299 

± 22 nm; Figure 3-2).  

 

Figure 3-2. Characterization of as-synthesized Ag nanocubes and octahedra. (A) Ag 

nanocubes and (B) octahedra. Edge length distribution of (C) Ag nanocubes and (D) 

octahedra. 

 

To perform an electrostatic assembly, we first functionalize the Ag nanoparticles with 

11-mercaptoundecanoic acid (11-MUA) to create negatively-charged Ag nanoparticles. 

After that we modify the Si substrate with 2% v/v 3-APTES and then immerse in pH 5 
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solution to yield positive charge on Si surface (Figure 3-3 A-D). Subsequently, we 

submerged the resulting substrate into 2 mL of negatively charged aqueous Ag nanocubes 

and octahedral mixtures for 20 minutes. After assembly, we perform ligand exchange on 

the platform with perfluorodecanethiol (PFDT) (Figure 3-3E). 17 

 

Figure 3-3. Schematic demonstration of (A) nanoparticle surface ligand exchange and (B) 

Si substrate functionalization. The represented microscopy image of a water droplet on 3-

APTES modified Si substrate (A) before and (B) after immersion into pH 5 solution. (E) 

Schematic demonstrating the fabrication of SPHB SERS platform using nanocubes and 

octahedra. 

 

This step can successfully remove the 11-MUA from the surface of the Ag 

nanoparticles to create a clean spectral background for subsequent SERS measurements 

(Figure 3-4A). Notably, the negatively charged surface functionality of Ag nanoparticles is 

essential to achieve their successful assembling on Si substrate surface (Figure 3-4B). We 

eventually coat the Ag nanoparticles array with Ag film (thickness, 25 nm) to maintain their 

position and surface roughness, followed by functionalizing the surface with 

perfluorodecanethiol (PFDT) to achieve superhydrophobicity for subsequent static contact 

angle measurements (Figure 3-4). This adhesive Ag film layer is essential to prevent particle 

re-dispersion from the substrate surface into the subsequent addition of liquid analyte 

droplets.17 
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Figure 3-4. Characterization of SPHB and control. (A) SERS spectra of the assembled 2D 

nanoparticles array before and after ligand exchange with PFDT. PFDT does not have any 

SERS vibrational peak from 600 onwards. (B) SEM image of the self-assembled Ag 

nanoparticles in the absence of electrostatic interaction with Si substrate.  

The surface hydrophobicity of our as-assembled substrate is essential to concentrate 

our target liquid analytes for SERS signal enhancement. To optimize the surface 

hydrophobicity of our platform, we adjust the ratio of the two types of Ag nanoparticles 

mixture and immersion time during the fabrication process. Briefly, we fabricate a series of 

substrates by using particle solutions containing varied octahedral-to-nanocubes particle 

ratio ranging from 1:2 to 4:1, with identical particle density (6 ×108 particles/mL) at 

different immersion times (Figure 3-5). Firstly, as we increase ratio of octahedra:nanocube 

from 1:2 to 4:1 at constant immersion time (20 mins), we observe an increase in the static 

contact angle from (131 ± 2)° to (158 ± 8)° (Figure 3-5E) with a sequential increase in 

particle density on the substrate surface from 2.8 ± 0.22 to 4.4 ± 0.18 particles µm-2 (Figure 

3-5F). Such increase in particle density is mainly due to the higher octahedra population 

present on the substrate as the weight of octahedra is heavier than nanocubes, thus resulting 

the increased contact angle and surface hydrophobicity.  
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Figure 3-5. SEM images of the binary Ag nanoparticles monolayer fabricated via 

electrostatic assembly using mixtures of Ag nanoparticles with different Ag nanocubes-to-

octahedra concentration ratio of (A) 2:1, (B) 1:1, (C) 1:2, and (D) 1:4. Comparison of (E) 

static contact angle and (F) particle density of substrate assembled with solely pure Ag 

nanocubes and Ag octahedra as well as their mixtures at different particle ratios.  

 

 Subsequently, we study the effects of immersion time of silicon wafer in Ag 

nanoparticles mixture on the surface hydrophobicity of assembled 2D array substrate. The 

immersion time affects the particle density because time is needed for sufficient electrostatic 

interaction between particles and substrate. We perform a series of experiments with 

different immersion time ranging from 20 to 100 min with an interval of 20 min at constant 

octahedral-to-nanocubes partcle ration 4:1 (Figure 3-5). As the immersion time increases 

from 20 to 60 min, we observe a slight increase in particle density from 4.4 ± 0.18 to 5.1 ± 

0.25 particles µm-2. This is mainly arising from the extended immersion time which enable 

more particles anchoring on the Si substrate via electrostatic interaction. Surprisingly, the 

surface static contact angle of as-prepared substrate remains almost constant and even slight 
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decrement as prolonging the immersion time of Si wafer in Ag nanoparticles mixture from 

20 to 100 min (Figure 3-6). These results demonstrate that the surface roughness and the 

corresponding hydrophobicity reaches a maximum with assembling time of 20 mins and 

beyond 20 mins, additional assembled nanoparticles will tend to form aggregation and 

multilayer, which likely result in the slight loss of surface roughness (Figure 3-6 D, E).  

 

 

Figure 3-6. Characterization of the binary Ag nanoparticles monolayer fabricated via 

electrostatic assembly at different immersion times. The SEM image under different 

immersion time of (A) 20 min, (B) 40 min, (C) 60 min (D) 80 min and (E) 100 min at a 

nanocubes-to-octahedra ratio of 1:4. (F) Plot of static contact angle over immersion time. 

(G) Particle density of binary electrostatic assembly under different immersion time. 

Thereby, we set our optimized experimental settings with 20 min of Si substrate 

immersion in Ag nanoparticles mixture (octahedra:nanocubes ratio at 4:1) to fabricate 

superhydrophobic SERS substrate. The optimized SPHB platform with a particle density of 

(4.4 ± 0.2) particles µm-2 display a static contact angle of (158 ± 8)°. Notably, the SPHB 
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substrate prepared using a binary mixture of Ag nanoparticles is superior to that prepared 

using pure Ag nanocubes and Ag octahedral, which display a static contact angle of (96 ± 

2)° and (149 ± 6)°, respectively (Figure 3-7A). Correspondingly, our platform exhibits the 

highest surface roughness of (116 ± 6) nm, which is 1.3- and 1.2-fold higher than the surface 

roughness of platforms formed using uniform nanocubes or octahedra under identical 

experimental conditions respectively (Figure 3-7B). 

 

Figure 3-7. (A) Comparison of static contact angles between platform made by pure 

nanocubes, pure octahedra and their binary mixture.  (B) AFM images and corresponding 

surface roughness of the as-prepared substrates assembled using pure nanocubes, pure 

octahedra, and their binary mixture. 

 

3.2.2 Evaluation of physical analyte concentrating effect of optimized SPHB  

We then evaluate the substrate concentrating performance of our optimized SPHB 

platform. Firstly, we estimate the physical concentrating factor of our optimized SPHB 

substrate. We compare the dried surface contact area of a 1 µL silica bead aqueous solution 

on our SPHB platform with that on a hydrophilic Si substrate (contact angle < 20°). The 
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contact area of the silica beads on the SPHB platform is estimated to be ~ 0.13 mm2, 185-

fold smaller than the 24 mm2 spot area on the hydrophilic Si substrate (Figure 3-8).  

 

Figure 3-8. Optical images of a static water droplet on (A) superhydrophobic and (B) 

hydrophilic substrate. The water droplet on hydrophilic substrate will totally spread out and 

contact angle is close to 0°. (C) SEM image of the effective spot area (yellow circle) of a 

dried liquid droplet on our superhydrophobic substrate. (D) Digital image of the effective 

spot area (orange circle) of a dried liquid droplet on a hydrophilic substrate. 

These results further indicate effective physical confinement of a liquid droplet into a 

small contact area on our SPHB platform, which is essential to boost sensitivity towards the 

subsequent SERS detection of trace metabolites. Secondly, we assess the SPHB-resulted 

SERS signal enhancing performance from the analyte concentrating effect by comparing 

the featured SERS peaks from analyte on our SPHB substrate with its hydrophilic substrate 

counterpart. The hydrophilic 2D Ag nanoparticles array substate in the absence of PFDT 

functionalization display a static contact angle of (66 ± 8)°, whereas our SPHB substrate in 

the presence of PFDT modification exhibit a contact angle of (158 ± 8)°. We evaluate their 

SERS performance by dispensing 1µL of aqueous methylene blue (10-4 M) onto both 

substrate surfaces and measure the SERS signals after the droplets have fully dried. We use 

the peak intensity of characteristic vibrational features of methylene blue at 1628 cm-1, 
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assigned to C=C stretching, as the benchmark to evaluate the SERS enhancement (Figure 

3-9A). The SERS intensity at 1628 cm-1 from our SPHB substrate is 10-fold higher than its 

hydrophilic susbtrate counterpart (Figure 3-9B). This result demonstrates that the 

hydrophobicity of our SPHB can provide ~10-fold enhancement on the SERS signal, as a 

result of minimized solid-liquid contract area to concentrate the analyte, thus increasing the 

analyte-to-signal ratio to improve the detection sensitivity. 

 

Figure 3-9. Evaluating SERS signal enhancement on superhydrophobic substrate and its 

hydrophilic substrate counterpart, using methylene blue as probe molecule. (A) SERS 

spectra of 10-4 M methylene blue droplet on superhydrophobic substrate (red) and 

hydrophilic substrate (blue).   (B) SERS intensity corresponding to peak at 1628 cm-1 of 

methylene blue on superhydrophobic substrate (red) and hydrophilic substrate (blue). 

 

3.2.3 Elucidation of SERS enhancement of Optimized SPHB SERS substrate 

To further investigate the SERS enhancement and elucidate the enhancing mechanism 

of our SPHB platform, we systematically study the analytical SERS enhancement factor 

(AEF) of a series of platforms. AEFs are quantified using the equation: AEF = 

[(ISERS)/(IRaman)] × [(CRaman)/(CSERS)], where ISERS and IRaman are the signals recorded on 

SERS and normal Raman platforms, whereas CSERS and CRaman are the corresponding 

analyte concentrations measured using superhydrophobic platform and normal Raman 

platforms, respectively. The AEF evaluation of substrate is essential to compare and explore 
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the SERS enhancing performance of relevant platforms. Firstly, we estimate the AEF of our 

Ag-layer coated binary Ag particles-based SPHB SERS substrate, as compared to silica 

bead-based SPHB substrate (Figure 3-10A and B). Both substrates are superhydrophobic. 

Typically, we drop cast 10 µL of MB solution at different concentrations on both substrates 

surface and measure the SERS signal. For the normal Raman measurements, we drop cast 

10 µL of MB solution (10-3 M) on the non-SERS active Si wafer substrate surface. We 

evaluate the signal enhancement using peak intensity from the featured C=C vibrational 

mode of methylene blue at 1628 cm-1.20 Notably, the AEF of our superhydrophobic binary 

SERS substrate is estimated to be 2.4 × 109, whereas non-plasmonic active silica beads array 

is only 5 × 102 (Figure 3-10D and E). We acknowledge that the SERS enhancement of the 

silica bead-based substrate (5 × 102) may arise from the Ag layer coating and the 

superhydrophobicity of the substrate to concentrate the analyte into small area. By 

comparing these two substrates, we minimize the potential differences arising from the 

concentrating effect from SPHB surface. Hence, the additional 4.8 × 106-fold enhancement 

in our SPHB SERS substrates is mainly attributed to the presence of hot spots on and 

between the Ag nanocubes and octahedra.16, 21 This result shows the importance of the well-

defined nanocube and octahedra as building block for the fabrication SPHB SERS 

platform.  

 

Figure 3-10. The analytical enhancement factors (AEF) study. (A) SEM image and (B) 

static contact angle of silica bead array. Schematic illustration and corresponding AEF of 

(C) binary superhydrophobic substrate-mirror (SPHB-mirror) substrate, (D) SPHB 

substrate, and (E) superhydrophobic silica bead array. AEF is calculated using methylene 
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blue as the analyte, based on the C=C vibrational mode at 1628 cm-1. (F) Comparison of 

AEFs between SPHB-mirror, SPHB, and silica bead array, to elucidate the relative 

contribution of analyte concentration effects and electromagnetic field enhancements to the 

overall AEF on our SERS platform. Error bars in (F) are s.d. of 25 measurements.  

To further boost the AEF of our platform for ultrasensitive metabolite detection, we 

introduce SERS-active Ag nanocubes colloidal particles into the analyte detection. 

Typically, we mix the analytes with a dispersion of Ag nanocubes with fixed concentration, 

and subsequently drop cast the mixture onto the SPHB platform. This approach greatly 

boosts the AEF of our SPHB substrate by 103-fold, with a detection limit down to 10-14 M 

and an analytical dynamic range from 10-4 to 10-14 M (Figure 3-10C and F). We attribute 

such distinct signal enhancement to two additional effects. Firstly, the introduction of Ag 

nanocubes significantly increases hotspot densities and enables more analytes trapped 

among adjacent Ag nanocubes upon droplet drying. Secondly, the introduction of the 

analyte-Ag nanocubes dispersion to the SPHB platform creates a “mirror effect” between 

the additional nanocubes and the SPHB SERS-active surface.22-24 Furthermore, our platform 

exhibits highly consistent SERS intensities property. SERS spectra extracted across a 

hyperspectral SERS map of a dried droplet demonstrate similar spectral features, with good 

signal reproducibility and homogeneity (relative standard deviation of 4.5%; Figure 3-11A, 

B). As such, our subsequent experiments will be conducted using this “SPHB-mirror” 

modality to achieve efficient physical concentration of analyte near abundant SERS-active 

regions. 
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Figure 3-11. (A) Hyperspectral SERS intensity distribution map of one featured C=C 

vibrational mode of methylene blue (1628 cm-1) using our SPHB platform, which 

demonstrates a good signal reproducibility and homogeneity of the platform. (B) 

Homogeneous intensity profile of the methylene blue peak at 1630 cm-1 on the SPHB 

substrate. 

 

3.2.4 Specific analyte capture regulated by nanoscale surface chemical functionality 

Apart from the efficient physical enrichment of analytes, specific capture of target 

analytes onto plasmonic Ag nanoparticle surfaces is essential to generate target-specific 

SERS fingerprints for their accurate identification and differentiation with other 

interferences. Our targets urine metabolites are pregnane and THC, which possess 

intrinsically low Raman cross section and weak affinity with Ag surface. Notably, they are 

reported to be miscarriage-relevant urinary metabolites, and can be used to predict the risk 

of miscarriage. To boost their SERS response, we introduce 4-mercaptophenylboronic acid 

(MPBA) as a capturing agent which possess two distinct chemical functionalities (Figure 

3-12A). The thiol functional group allows MPBA to form a self-assembled monolayer on 

Ag nanocubes surfaces through specific metal-sulfur interactions, whereas the boronic acid 

functionality enables specific interaction with our analytes by forming boronate ester bond 

under alkaline conditions.25-31 This chemical interaction localizes the metabolites near the 

plasmonic nanoparticle surfaces to result in maximum SERS enhancement.32, 33 In brief, we 
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premix the MPBA-functionalized Ag nanocubes with aqueous pregnane or THC (10-4 M) 

for full interaction followed by drop casting 10 µL of mixture droplet onto SPHB substrate 

for SERS measurements. The SERS spectrum of neat MPBA-grafted nanocubes exhibit two 

characteristic vibrational modes at 1181 and 1328 cm-1 (Figure 3-12B and 3-13i).27 In the 

presence of THC, the 1328 cm-1 band intensity decreases sharply with a concomitant blue-

shift to ~1332 cm-1 (Figure 3-13i). Two new peaks are also observed at 1169 and 1173 cm-

1 near the peak at 1181 cm-1. Similarly, in the presence of pregnane, we note an intensity 

decrease and blue-shift of 1328 cm-1 band to ~1333 cm-1 and emergence of two new peaks 

at 1170 and 1190 cm-1. These spectral changes in vibrational fingerprints before and after 

interaction with the metabolites are direct evidence of the interaction between the 

metabolites and MPBA-functionalized nanocubes. 

 

Figure 3-

12. (A) Interaction of MPBA with pregnane and THC on the Ag nanocubes’ surface. (B) 

SERS spectra of MPBA, MPBA-THC and MPBA-pregnane.  
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Figure 3-13. (A) Key spectral changes involving boronate ester moiety at 1140 to 1380 cm-

1 in the presence of pregnane and THC. (i) Experimental measured SERS spectra and (ii) 

DFT simulated SERS spectra of MPBA, MPBA-pregnane and MPBA-THC.  

 

To elucidate the molecular origin of the observed spectral changes, we employ density 

functional theory (DFT) to simulate the SERS spectra of MPBA and that of MPBA bound 

individually to pregnane and THC, (Figure 3-13ii), respectively. Our model comprises a 

MPBA molecule on the apex of a Ag6 cluster (Ag-MPBA). The distinct vibrational modes 

of MPBA at 1181 and 1328 cm-1 are indexed to C-H bending from benzene ring (δCH) and 

bending mode of boronic acid (δBO), respectively.34, 35 We then place the metabolites 

separately near Ag-MPBA, and allow the system to relax to form the complex structure.  For 

MBPA-THC, the C-H vibration mode shift from 1218 cm-1 to a lower position at 1204 cm-

1 and 1158 cm-1, whereas for MBPA-pregnane, the C-H vibration mode shift from 1218 cm-

1 toward higher wavenumbers at 1232 cm-1 and another new C-H mode appear at lower 

position at 1210 cm-1.  Notably, in our experiments, the Ag surface grafted MBPA 

molecules are not fully reacted with the metabolites, thus the experimental spectrum is 

expected to arise from a mixed spectrum of unreacted MPBA and those reacted with 
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metabolites. In both cases, the chemical interactions of THC and pregnane with MPBA lead 

to a significant decrease in peak intensity of the δBO bending at ~1328 cm-1, and a 

concomitant blue shift. The formation of the boronate ester bond restricts B-O bond 

vibration and reduces the bond polarizability, thereby resulting in a higher energy 

requirement for B-O bond vibration. In the presence of THC, the experimentally observed 

SERS peaks at 1169 and 1173 cm-1 can be indexed to C-H bending mode (δCH) in the 

boronate ester moiety (Table 3-1). Similarly, for pregnane-MPBA, C-H bending mode is 

also observed at 1170 and 1190 cm-1 in the experimental spectra.27, 34 Collectively, these 

results affirm the strong chemical interaction of MPBA with both pregnane and THC, 

enabling the potential SERS quantification of these metabolites.  

 

 

 

 

Table 3-1. SERS vibrational modes and band assignments of MPBA, MPBA-THC and 

MPBA-pregnane, respectively.  

 

3.2.5 Applying chemometrics for rapid multiplex identification and quantification  
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Speedy and accurate metabolite identification and quantification of multiplex 

metabolite biomarkers is significant for the development of SERS based diagnostic kits 

towards relevant disease diagnosis. To achieve this goal, we apply advanced chemometrics 

analysis to process our data to generate reliable and accurate quantified readouts, as 

compared to traditional manual analysis.  

Firstly, we employ principal component analysis (PCA) to process our SERS 

fingerprint information, which allows extraction of key information across the entire 

spectral range measured while simultaneously eliminating noise and reducing human 

errors.36 We apply standard normal variate correction and Savitzky-Golay derivative 

algorithm as data pretreatment to a total of 75 SERS spectra corresponding to MPBA, 

MPBA-THC, and MPBA-pregnane, respectively, prior to the unsupervised clustering 

process. These spectra are individually collected under the same experimental conditions 

using a laser beam with an excitation wavelength of 532 nm and laser power of 0.2 mW 

with spectral acquisition time of 1s. 25 SERS spectra from each group, corresponding to a 

total of 75 spectra, are selected randomly without any specific criteria for analysis since our 

platform exhibit good signal homogeneity. These 75 SERS spectra are loaded without any 

background correction, using a total of 6 loading vectors for PCA analysis. For PCA score 

plotting, PC1 and PC2 account for a respective 81.89 % and 15.18 % of the variance in the 

SERS spectra analysed. Hence, the sum of PC1 and PC2, i.e. 97.07% indicates that almost 

all the variances observed in the SERS spectra can be accounted for. The output data along 

PC1 demonstrates three distinct clusters, each corresponding to MPBA, MPBA-pregnane 

and MPBA-THC, indicating that they can be differentiated unambiguously (Figure 3-14A). 

We further demonstrate the capability to distinguish the metabolites’ SERS signals from the 

SERS signals of common sugars such as glucose and fructose (Figure 3-14B and C). These 

sugars are possible interferences that could be present in various biofluids, and they interact 
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similarly with MPBA. Our results thus highlight how integrating PCA with our ‘confine-

and-capture’ strategy can effectively extract relevant SERS spectral variations with high 

specificity.  

 

 

Figure 3-14. (A) PCA plot of MPBA-pregnane, MPBA-THC, and MPBA with 95% 

confidence ellipses. (B) Controlled experiment of 4-MPBA with pregnane, THC, fructose 

and glucose. The PCA result shows that 4-MPBA molecules have high specificity for 

pregnane and THC molecules. (C) Representative SERS spectra of MPBA bonded pregnane, 

THC, fructose and glucose. SERS spectrum of MPBA bonded. 

Next, we employ partial least square regression (PLS) to establish a standard 

calibration curve for our metabolites and to predict the analyte concentrations by computing 

210 SERS spectra from 10-4 M to 10-10 M (Figure 3-15).34 PLS regression plots the 

experimental metabolite concentration on the x-axis and the predicted metabolite 

concentration on the y-axis. Our calibration curve shows a near-ideal linearity spanning 7 

orders of magnitude, with linear coefficients of 0.995 and 0.994 for MPBA-pregnane and 

MPBA-THC, respectively (Figure 3-15C, 15D). For multiplex SERS measurements for 

various pregnane%, samples containing pregnane% between 90 – 100 % were first prepared 

by mixing pure pregnane and THC with corresponding volume ratios. This can help us to 

simulate the real detection scenario according to a previous study which found that the 

pregane:THC ratio differ for threatened miscarriage patients (<97.4%) and on-going 

pregnancy (>98.7%). The PLS prediction model shows a highly linear coefficient of 0.985 
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within 90-100%. Hence, PLS can construct a good prediction model based on 

concentration-dependent changes across the entire experimentally measured spectral 

window, notably within a very short time frame (< 5 min). This statistically robust model 

is certainly unachievable through manual data analyses, where the signal intensities of 

specific fingerprints at different concentrations are individually collated and could easily be 

subject to human errors.  

 

Figure 3-15. Partial least square analysis. (A) s(B) Pregnane and (C) THC at different 

concentrations ranging from 10-4 M to 10-10 M. (D)-(E) PLS analyses of concentration-

dependent SERS spectra of pregnane and THC from 10-4 M to 10-10 M, respectively. (F) 

PLS analysis of a mixture comprising pregnane and THC with different pregnane%. 

Ongoing pregnancy and miscarriage regions are highlighted in blue and pink, respectively.  
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3.3 Conclusion 

In conclusion, we have successfully fabricated a proof-of-concept diagnostic kit for 

spontaneous miscarriage based on multiplex urine metabolite detection by integrating a 

superhydrophobic SERS substrate with mirror effect. This integrated platform is employed 

to analyse pregnane and THC urinary metabolites which are found during pregnancy. PCA 

and PLS analysis are able to extract key vibrational information from our SERS spectra to 

diagnose the spontaneous miscarriage. Notably, the detection limit can reach 10-9 M for 

both of the analyte and the multiplex detection be achieved in the artificial medium which 

can be further extended for spontaneous miscarriage detection.  Hence, together with the 

insights gained from our studies, we envisage to extrapolate this platform for the SERS 

detection from the real urine sample from patients.  

 

3.4 Material and methods 

Chemicals. Silver nitrate (AgNO3, ≥ 99%), anhydrous 1,5-pentanediol (PD, ≥ 97%), 

poly(vinylpyrrolidone) (PVP, average MW = 55000 g/mol), toluene (99.5%), 11-

mercaptoundecanoic acid (MUA, 95%), 4-mercaptoboronic acid (MPBA, 90%), ammonia  

(28-30%), 1H,1H,2H,2H-perfluorodecanethiol (PFDT, 97+%), sodium chloride (NaCl, 

99.5%), monopotassium phosphate (KH2PO4, 99%), glucose (C6H12O6, ≥ 99.5%), fructose 

(C6H12O6, ≥ 99%), and sodium phosphate (Na3PO4, 96%), were purchased from Sigma 

Aldrich; copper (II) chloride (CuCl2, ≥ 98%), 3-aminopropyltriethoxysilane (APTES, 98%) 

were from Alfa Aesar; ethanol (ACS, ISO, Reag. Ph Eur) was from EMSURE; hydrochloric 

acid (HCl, 37%) was purchased from Analar Normapur. Tetrahydrocortisone (THC) was 

purchased from Scientific Resources. 5β-pregnane-3α,20α-diol-3α-glucuronide (pregnane) 

was purchased from AXIL Scientific PTE LTD.  All chemicals were used without further 
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purification. Milli-Q water (>18.0 MΩ.cm) was purified with a Sartorius Arium 611 UV 

ultrapure water system. 

 

Synthesis and purification of shape-controlled Ag polyhedral. The preparation process 

was carried out according to the polyol reduction method,48 starting first with the synthesis 

of Ag nanocubes (AgNC). 20 mL PD was added to a 100 mL round bottom flask and heated 

to 190 ˚C for 10 minutes. Aliquots of 250 μL PVP and 500 μL AgNO3 precursor solutions 

were then alternately added to the reaction flask. This process was continued until the 

reaction mixture turned reddish brown. For the subsequent growth of Ag octahedra (AgNO), 

this solution was used without further treatment, using more concentrated precursor 

solutions. The reaction was allowed to proceed for ~2 h. The Ag polyhedra solutions were 

re-dispersed in 20 mL ethanol via multiple centrifugations rounds and purified through 

vacuum-filtration. 

 

Ligand exchange reactions for Ag polyhedral. Ag polyhedra were separately 

functionalized with 11-MUA and MPBA through standard ligand exchange reactions. For 

11-MUA functionalized Ag nanocubes (AgNCs), 1 mL ethanol was added to AgNC in 

ethanol suspension (0.1 mL, 2 mg mL−1) and the supernatant was discharged after 

centrifugation. The AgNC were then re-dispersed in 1.5 mL of mixture of isopropyl alcohol 

(IPA) and ethanol with volume ratio of 1:1 under stirring speed of 500 rpm at 25 ˚C. 

Subsequently, 0.05 mL 11-mercaptoundecanoic acid (11-MUA) in IPA solution (0.1 mM) 

was added into the AgNC dispersion. The reaction mixture was then left for 4 hours at 

ambient condition and the supernatant was removed after centrifugation at 6500 rpm for 4.5 

minutes. The same ligand replacement process was repeated once more. The AgNC 

colloidal suspension was then washed with copious amount of IPA and ethanol to remove 
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excess 11-MUA. Finally, the AgNC were re-dispersed in 1.5 mL mixture of IPA and ethanol 

(volume ratio, 1:1) and stored under nitrogen gas protection for further use. Zeta potential 

measurement was then carried out to measure the surface charges of AgNC. Similarly, the 

ligand exchange process was performed for AgNO colloidal solutions (0.1 mL, 13.7 

mg/mL), using a solution of 11-MUA (0.1 mL, 10 mM) in IPA. Zeta potential 

measurements were then conducted using ZETASIZER NANO with DTS1070 folded 

capillary cell to measure the surface charges of the MUA functionalized Ag polyhedra.  

For MPBA functionalized Ag nanocubes, 1 mL ethanol was added to AgNC in ethanol 

suspension (0.1 mL, 2 mg/mL) and the supernatant was discharged after centrifugation. The 

AgNC were then re-dispersed in 1.5 mL of mixture of isopropyl alcohol (IPA) and ethanol 

with volume ratio of 1:1 under stirring speed of 500 rpm at 25 oC. Subsequently, 0.05 mL 

MPBA in IPA solution (0.1 mM) was added into the AgNC dispersion. The reaction mixture 

was then left for 4 hours at ambient condition and the supernatant was removed after 

centrifugation at 6500 rpm for 4.5 minutes. The process was repeated once more, before 

repeating the same ligand reaction for a further 3 hours. The resulting solution was 

centrifuged, and supernatant was removed. The AgNC was then dispersed in 1.5 mL of 

IPA/ethanol (1:1, v/v), sonicated and centrifuged. The process was repeated twice, and the 

resulting product will be re-dispersed in 1 mL mixture of ethanol. 

 

Surface functionalization of silicon wafer. Si wafer (1.5 cm × 1.5 cm) was subjected to 

oxygen plasma treatment for 5 minutes and then submerged in an anhydrous toluene 

solution containing 3-aminopropyltriethoxysilane (2 % in volume) for another 5 minutes. 

Subsequently, the amine-terminated Si wafer was rinsed with anhydrous toluene and 

methanol, followed by blow drying with N2 gas to remove any unfunctionalized ligands 

and solvents. The functionalized Si wafer was then submerged in an acid solution (pH= 5) 
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for 5 minutes for further protonation of the amine-terminated wafer surface and render its 

surface positively-charged. The resulting platforms were kept in a nitrogen environment for 

further use. 

 

Fabrication of binary superhydrophobic SERS chip. The binary superhydrophobic chip 

was fabricated by firstly submerging the positively charged Si substrates into 2 mL of 11-

MUA functionalized Ag nanocubes and octahedra mixture solution for 20 minutes. The 

surface negatively charged Ag polyherdrals anchored on Si substrates surface via static 

interaction. The Ag polyhedral anchored Si substrates were then removed from the colloidal 

solution, rinsed with copious ethanol, and dried under nitrogen gas blowing. Such Si 

substrates were then coated with Ag layer (thickness of 25 nm) via thermal evaporation 

followed by functionalization with PFDT via immersing the Ag-layer coated Ag polyhedral 

anchored Si substrates in 0.05 M PFDT ethanolic solution for overnight. The substrates 

were removed from the PFDT solution and rinsed with copious ethanol, and dried using 

nitrogen gas. The as-prepared substrates were finally storied in nitrogen box for further use. 

 

Fabrication of superhydrophobic silica bead array. The superhydrophobic silica bead 

array was fabricated by firstly submerging the Si wafer into silica bead (size, 103 nm) 

colloidal solution for 0.5hrs. The Si wafer was then removed from the colloidal solution and 

dried under blowing with nitrogen gas. Such silica bead deposited Si wafer were then coated 

with 25 nm Ag layer via thermal evaporation followed by functionalization with PFDT 

using the same method as above mentioned. 
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Contact angle measurements. Static contact angles were measured by drop casting a 

sessile droplet of 4 µL water droplet onto the platform. All contact angle measurements 

were repeated at least 5 times at different locations of the substrates. 

 

Hyperspectral SERS intensity distribution map. The SERS spectra was collected by 

using a laser beam with an excitation wavelength of 532 nm and laser power of 0.2 mW 

with spectral acquisition time of 1 s. The standard deviation of the measured SERS signal 

in 200 µm × 200 µm (area of the SERS map) is estimated to be 4.5 %, indicating the good 

homogeneity and reproducibility. 

 

Analyte concentrating effect. Silica beads were used to determine the analyte 

concentrating effect and were synthesized using a modified Stober process.49 1 µL silica 

beads suspension was deposited onto a superhydrophobic platform and O2 plasma treatment 

(hydrophilic) platform and allowed to dry. The area of dried spots was then characterized 

through digital camera and SEM. The spot areas on both superhydrophobic and hydrophilic 

surfaces were measured using ImageJ software. 

 

Determining analytical enhancement factors (AEFs). AEFs were quantified using AEF 

= [(ISERS)/(IRaman)] × [(CRaman)/(CSERS)], where ISERS and IRaman were the signals recorded on 

SERS and normal Raman platforms, whereas CSERS and CRaman are the corresponding 

analyte concentrations measured using superhydrophobic platform and normal Raman 

platforms, respectively. We conduct this experiment by using 10 µL of MB solution at 

different concentration. For the normal Raman measurements, we drop cast a 10 µL of MB 

solution with concentration of 10-3 M on the Si wafer substrate. For the superhydrophobic-

mirror substrate, the lowest detectable concentration of MB is 10-14 M. All the SERS spectra 
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in current work are collected under dry conditions after the solvent in the droplet has fully 

evaporated, and the analytical enhancement factor was calculated on the basis of the 

intensities of the vibrational band of methylene blue at 1628 cm−1 of 25 spectra. 

 

Density functional theory (DFT) simulation. The calculation on the interaction of MPBA-

grafted Ag surface with pregnane and THC were carried out using the unrestricted B3LYP 

exchange-correlation functional in the Gaussian 09 computational chemistry package. The 

6-31g (d p) basis set was used for C, H and O.  The LANL2DZ basis set was employed for 

Ag. The Ag surface was modeled using a reported triangle consisting of 6 Ag atoms. First, 

we optimize the geometry of the triangular Ag cluster, then 4-mercaptophenylboronic acid 

was placed on its vertex and the whole system was then relaxed with all the Ag atoms. 

Pregnane/THC molecule was then forming a boric ester bond with MPBA via hydroxy 

group, and the whole system was relaxed with Ag atoms fixed again. 

 

SERS measurements for pregnane and THC. For SERS measurements of pure analytes, 

10 µL of pregnane or THC solution (10-4 – 10-9 M) were respectively mixed with MPBA-

functionalized AgNC (~ 0.2 mg mL-1) at pH 11 for reaction. 10 µL-mixture solution was 

then placed on the superhydrophobic chip surface and then dried under ambient conditions. 

SERS spectra were then collected on the dried spot using a laser beam with an excitation 

wavelength of 532 nm and laser power of 0.2 mW with spectral acquisition time of 1 s.  

For SERS measurements of the mixed analytes with varied pregane% (90-100%), we 

firstly prepared the samples by mixing pure pregnane and THC solution (0.1 mM) with 

varied volumes. Typically, sample containing 90 % pregnane (10 % THC) were prepared 

by mixing of 90 µL-pregnane (0.1 nM) with 10 µL-THC (0.1 nM) solution. Subsequently, 

10 µL of the samples that contain varied pregnane% were mixed with MPBA-functionalized 
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AgNC (~ 0.2 mg mL-1) at pH 11 for reaction. The 10 µL-mixture sample solution was then 

introduced on the superhydrophobic chip surface and then dried under ambient conditions. 

SERS spectra were then collected on the dried spot area using a laser beam with the same 

conditions as above. 

 

Control experiments for glucose and fructose. For SERS measurements of control 

samples, 10 µL of glucose and fructose (10-4 M) were firstly mixed with MPBA-

functionalized AgNC (~ 0.2 mg mL-1) at pH 11 for reaction, respectively. The 10 µL-

mixture was then placed on the superhydrophobic chip surface and then dried under ambient 

conditions. SERS spectra were then collected using a laser beam with an excitation 

wavelength of 532 nm and laser power of 0.2 mW with spectral acquisition time of 1 s. 

Chemometric analyses. Principal component analysis (PCA) was conducted using 

Panorama software ((LabCognition, Analytical Software GmbH & Co. KG; minimum of 

25 spectra of each sample are collected from the single droplet). PCA reduces data 

dimensionality and converts the original variables into a set of uncorrelated linear 

combination of principal components (PC); PC1 typically includes the greatest variance 

from the orthogonal linear transformation, and PC2 includes the second greatest variance. 

25 individual raw SERS spectra from 3 groups, MPBA and those coordinated with pregnane 

and THC respectively (total of 75 spectra), were loaded together into the Panorama 

software. Standard normal variate correction and Savitzky-Golay derivative algorithm were 

applied to reduce spectral noise and eliminate interference from the background signals. 

The entire spectral range measured experimentally was selected for analysis, and a suitable 

number of loading vectors were employed to provide the minimum root-mean-square error 

for cross validation (RMSECV). In our experiment, we selected the whole spectral range 

with two PCs applied, which enabled spectral identification with accuracy of at least 98 %. 
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A similar clustering process was applied for two patient urine samples, one with 

spontaneous miscarriage (M1) and another with ongoing stable pregnancy (S1). Partial least 

square analysis (PLS) was used to establish a standard calibration curve for detection in 

multiple scenarios, including pure analytes, multiplexed pure analytes, and multiplexed 

analytes in artificial urine, as well as analytes in real patient urine samples. For detection 

using pure analytes, 25 spectra were input for each concentration measured. For other cases, 

quantification model was built up by PLS using spectra collected from 90%-100% of 

pregnane spiked in artificial urine and patient urine samples, respectively. 

 

Characterization. Scanning electron microscope (SEM) imaging was performed using a 

JEOL-JSM-7600F microscope at an accelerating voltage of 5 kV. UV-vis spectroscopic 

measurements were performed with a Cary 60 UV-Vis spectrometer. Zeta potential 

measurements were conducted using ZETASIZER NANO with DTS1070 folded capillary 

cell. Thermal evaporation of Ag was performed using Syskey thermal evaporator (Taiwan). 

Roughness of the sample was measured using JPK Nanowizard3 BioScience atomic force 

microscopy (AFM) on a Zeiss inverted microscope. Contact angles were measured using a 

Theta Lite tensiometer equipped with a Firewire digital camera and Attention from Biolin 

Scientific with sessile 4 μL ultrapure water droplet. Advancing and receding contact angles 

were determined using drop shape analysis routine of a growing and shrinking water 

droplet. Each type of contact angle measurement was performed at least five times across 

each platform to obtain an average wetting angle. x-y SERS measurements were performed 

with Raman touch microspectrometer (Nanophoton Inc, Osaka, Japan) at an excitation laser 

wavelength of 532 nm (power = 0.2 mW). A 20 × (N.A., 0.45) objective lens with 1 s 

accumulation time was used for data collection with Raman shift ranging from 500 cm-1 to 
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1600 cm-1. All SERS spectra were obtained by averaging at least 25 individual spectra per 

Raman image. 

 

References   

1. Otto, A., J. Raman Spectrosc. 2002, 33, 598. 

2. Kambhampati, P.;  Child, C. M.;  Foster, M. C.; Campion, A., J. Chem. Phys. 1998, 

108, 5026. 

3. Jeanmaire, D. L.; Van Duyne, R. P. J. Electroanal. Chem. 1977, 84, 20. 

4. Chan, G. H.; Zhao, J.; Hicks, E. M.; Schatz, G. C.; Van Duyne, R. P. Nano Lett. 2007, 

7, 1952. 

5. Gao, C.; Hu, Y.; Wang, M.; Chi, M.; Yin, Y., J. Am. Chem. Soc. 2014, 136, 7479. 

6. Cortie, M. B.; McDonagh, A. M., Chem. Rev. 2011, 111, 3735. 

7. Su, J.; Wang, D,; Nörbel , L.; Shen, J.; Zhao, Z.; Dou, Y.; Peng, T.; Shi, J.; Mathur, S.; 

Fan, C.; Song, S. Anal. Chem. 2017, 89, 2538. 

8. Zong, C.; Wu, J.; Liu, M.; Yan, F.; Ju, H. Chem. Sci. 2015, 6, 2607. 

9. Xu, L.; Yan, W.;  Ma, W.; Kuang, H.; Wu, X.; Liu, L.; Zhao, Y.; Wang, L.; Xu, C. Adv. 

Mater. 2015, 27, 1711. 

10. Laing, S.; Gracie, K.; Faulds, K. Chem. Soc. Rev. 2016, 45, 1918. 

11. Kole, P. L.; Venkatesh, G.; Kotecha, J.; Sheshala, R. Biomed. Chromatogr. 2011, 25, 

217. 

12. Chang, M. S.; Ji, Q.; Zhang, J.; El-Shourbagy, T. A. Drug Dev. Res. 2007, 68, 133. 

13. Price, C. P., BMJ 2001, 322, 1288. 

14. Gubala, V.; Harris, L. F.; Ricco, A. J.; Tan, M. X.; Williams, D. E. Anal. Chem. 2012, 

84, 515. 

15. Jehlička, J.; Edwards, H. G. M.; Vítek, P. Planet. Space Sci. 2009, 57, 613. 



86 
 

16. Yashchenok, A.; Masic, A.; Gorin, D.; Shim, B. S.; Kotov, N. A.; Fratzl, P.; Möhwald, 

H.; Skirtach, A. Small 2013, 9, 356. 

17. Lee, H. K.; Lee, Y. H.; Zhang, Q.; Phang, I. Y.; Tan, J. M. R.; Cui, Y.; Ling, X. Y. 

ACS Appl. Mater. Interfaces 2013, 5, 11418. 

18. Gentile, F.; Coluccio, M. L.; Coppedè, N.; Mecarini, F.; Das, G.; Liberale, C.; Tirinato, 

L.;  Leoncini, M.; Perozziello, G.; Candeloro, P.; De Angelis, F.; Di Fabrizio, E. ACS 

Appl. Mater. Interfaces 2012, 4, 3224. 

19. Lee, H. K.;  Lee, Y. H.;  Koh, C. S. L.;  Phan-Quang, G. C.;  Han, X.;  Lay, C. L.;  Sim, 

H. Y. F.;  Kao, Y.-C.;  An, Q.; Ling, X. Y., Chem. Soc. Rev. 2019, 48, 756. 

20. Le Ru, E. C.;  Blackie, E.;  Meyer, M.; Etchegoin, P. G. J. Phys. Chem. C 2007, 111, 

13803. 

21. Knoll, W., Annu. Rev. Phys. Chem. 1998, 49, 638. 

22. Hu, J.; Tanabe, M.; Sato, J.; Uosaki, K.; Ikeda, K. J. Am. Chem. Soc. 2014, 136, 10307. 

23. Benz, F.; Chikkaraddy, R.; Salmon, A.; Ohadi, H.; de Nijs, B.; Mertens, J.; Carnegie, 

C.;  Bowman, R. W.; Baumberg, J. J. J. Phys. Chem. Lett. 2016, 7, 2269. 

24. Liu, H.; Yang, Z.; Meng, L.; Sun, Y.; Wang, J.; Yang, L.; Liu, J.; Tian, Z., J. Am. Chem. 

Soc. 2014, 136, 5341. 

25. Yang, D.; Afroosheh, S.;  Lee, J. O.; Cho, H.; Kumar, S.; Siddique, R. H.; 

Narasimhan,V.;  Yoon, Y.-Z.; Zayak, A. T.; Choo, H., Anal. Chem. 2018, 90, 14278. 

26. Wang, Q.; Yang, L.; Yang, X.; Wang, K.; Liu, J. Analyst 2013, 138, 5150. 

27. Sun, F.; Bai, T.; Zhang, L.; Ella-Menye, J.-R.; Liu, S.; Nowinski, A. K.; Jiang, S.; Yu, 

Q. Anal. Chem. 2014, 86, 2394. 

28. Pearson, B.; Wang, P.; Mills, A.; Pang, S.; McLandsborough, L.; He, L. Anal. Methods 

2017, 9, 4739. 



87 
 

29. Yuan, K.; Mei, Q.; Guo, X.; Xu, Y.; Yang, D.; Sánchez, B. J.; Sheng, B.;  Liu, C.;  Hu, 

Z.;  Yu, G.;  Ma, H.;  Gao, H.; Haisch, C.; Niessner, R.; Jiang, Z.; Zhou, H. Chem. Sci. 

2018, 9, 8795. 

30. Wang, H.; Zhou, Y.; Jiang, X.; Sun, B.; Zhu, Y.; Wang, H.; Su, Y.; He, Y., Angew. 

Chem. Int. Ed. 2015, 54, 5136. 

31. Ma, R.; Hu, J.; Cai, Z.; Ju, H. Nanoscale 2014, 6, 3156. 

32. Haldavnekar, R.; Venkatakrishnan, K.; Tan, B. Nat. Commun. 2018, 9, 3065. 

33. Moeinian, A.; Gür, F. N.; Gonzalez-Torres, J.; Zhou, L.; urugesan, V. D.; Dashtestani, 

A. D.;  Guo, H.; Schmidt, T. L.; Strehle, S. Nano Lett. 2019, 19, 1066. 

34. Szafranski, C. A.;  Tanner, W.;  Laibinis, P. E.; Garrell, R. L. Langmuir 1998, 14, 3589. 

35. Li, S.; Zhou, Q.; Chu, W.; Zhao,W.; Zheng, J., Phys. Chem. Chem. Phys. 2015, 17, 

17645. 

36. Abdi, H.; Williams, L. J. WIREs Computational Statistics 2010, 2, 459. 

  



88 
 

Chapter 4: Developing Non-invasive SERS-based Diagnostic Kit for Urinary 

Metabolites Towards Threatened Miscarriage Diagnosis within 30 min  

 

Abstract. Successful translation of laboratory-based surface-enhanced Raman scattering 

(SERS) platforms to clinical applications requires multiplex and ultratrace detection of 

small biomarker molecules. However, these biomarker molecules are generally present in a 

complex biofluid which exhibit tremendous interferences, significantly increasing the 

challenge of detecting them at low concentrations. Herein, we developed a SERS-based 

diagnostic kit for non-invasive metabolites detection from real urine samples towards 

threatened miscarriage diagnosis. We first employ a ZipTip to pretreat and isolate the target 

biomarkers from the urine samples and then integrate our developed “confine-and-capture” 

SERS strategy, whereby we use specific nanoscale surface chemistry to capture targeted 

metabolite from a complex urine matrix prior to confining them on a superhydrophobic 

SERS platform. We then apply chemometrics, including principal component analysis and 

partial least-squares regression, to convert molecular SERS fingerprint information into 

quantifiable readouts. The whole screening procedure requires only 30 min, including urine 

pretreatment, sample drying on the SERS platform, SERS measurements, and chemometric 

analyses. These readouts correlate well with the pregnancy outcomes in a case-control study 

of 40 patients presenting threatened miscarriage symptoms. 
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4.1 Introduction 

Threatened miscarriage occurs in 15 – 20% of all pregnancies in the first trimester and 

is characterized by abdominal pain or vaginal bleeding1,2; 25% of these pregnancies 

progress to suffer spontaneous miscarriage. Serum progesterone has been proposed as a 

useful clinical biomarker to predict the risk of miscarriage3-8. However, the long turnover 

time of hours to days and invasive nature of the test limits its diagnostic utility, as a clinical 

management decision needs to be made on the spot, and appropriate counselling undertaken 

at the same time. This delay inadvertently creates additional psychological and 

physiological distress to patients. Despite the strong clinical impetus for rapid and non-

invasive diagnosis of threatened miscarriage to achieve prompt medical intervention, there 

is currently no point-of-care diagnostic platform for clinicians to predict miscarriage risks 

among patients exhibiting symptoms of threatened miscarriage.  

A recent metabolomic investigation of threatened miscarriage using urine samples 

revealed a panel of metabolites, which can serve as potential biomarkers for non-invasive 

diagnosis of spontaneous miscarriage.9 In particular, there is a positive correlation between 

the risk of spontaneous miscarriage and the relative abundance of two metabolites from the 

progesterone and cortisol families: 5β-pregnane-3α,20α-diol-3α-glucuronide (pregnane) 

and tetrahydrocortisone (THC). Liquid chromatography-mass spectrometry (LC-MS) 

shows that pregnane% ≥ 98.7% (relative pregnane/THC ratio of 76/1) corresponds to an 

ongoing pregnancy; whereas pregnane% ≤ 97.4% (relative ratio of 38/1) corresponds to a 

spontaneous miscarriage. However, LC-MS analysis generates semi-quantitative results, 

requires long screening time, and has limited sensitivity, thus hindering the use of 

metabolomics for point-of-care risk stratification for spontaneous miscarriage.  

We hypothesize that surface-enhanced Raman scattering (SERS) platforms can 

overcome the aforementioned limitations in metabolite analyses by providing specific 
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chemical fingerprint of each metabolite.10-12 The plasmonic nanoparticles on the SERS 

platform generate intense electromagnetic field enhancements, significantly enhancing 

molecule-specific Raman vibrational fingerprints by >109-fold in molecules with large 

Raman scattering cross-sections and with affinity to the plasmonic nanoparticle 

surfaces.13,14 Such tremendous signal enhancement enables quantitative and multiplex 

ultratrace detection within a short measurement time15. However, to successfully employ 

SERS for point-of-care diagnostic of spontaneous miscarriage, the following challenges 

must be overcome: (1) efficient extraction of dilute target urine metabolites (nanomolar 

levels) from a complex sample matrix, (2) ultrasensitive detection for metabolites with weak 

Raman scattering cross-sections and no affinity to plasmonic nanoparticles, and (3) accurate 

spectral analyses for miscarriage risk stratification. Most importantly, screening outcomes 

should be known in the shortest time frame possible.  

Herein, we demonstrate the development of rapid and ultrasensitive SERS-based 

diagnostic kit for urinary metabolites detection towards threatened miscarriage diagnosis 

within 30 mins. By pre-treating and isolating the relevant metabolites using a ZipTip from 

patients’ urine matrix, we employ the SERS platform featuring the two-pronged “confine-

and-capture” strategy developed in Chapter 3 to collect relevant SERS spectra. Our 

approach enables efficient generation of strongest SERS signal from our target metabolites 

analyte. We further employ chemometric analysis to process large data sets across the entire 

measured spectral range, thereby enabling us to achieve quantitative multiplex screening of 

metabolites down to parts-per-trillion levels (Scheme 4-1). As our proof-of-concept, we 

perform a case-control study of 40 urine samples collected from pregnant women presented 

with threatened miscarriage. To quantify the relative concentrations of these two 

metabolites from patient samples with known pregnancy outcomes, we successfully 

correlate SERS readouts with miscarriage risks among the patients within 30 minutes. Our 
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ability to detect metabolites from patient samples at ultra-trace levels implies the potential 

application of our SERS platform as non-invasive point-of-care screening technology for 

other diseases and conditions in the broad field of metabolomics. 

 

Scheme 4-1. Schematic illustration of our metabolomics-based SERS diagnostic platform 

to identify miscarriage risk among pregnant women presenting symptoms of threatened 

miscarriage. We outline a confine-and-capture strategy for ultrasensitive metabolite 

screening: a superhydrophobic SERS platform physically confines metabolites on the 

platform and a probe molecule (4-mercaptophenylboronic acid, MPBA) selectively 

captures target metabolites from a complex urine matrix. 

 

4.2 Results and discussion 

To assess the risk of threaten miscarriage in actual urine samples, there are several 

challenges such as various additional components present in urine, including urea, 

creatinine, and ions within the sample matrix while quantifying the THC and pregnane. 

Hence, we first test our system using artificial urine to provide a simpler and controlled 

matrix to understand the system, which can then be incorporated for actual urine analysis. 

Artificial urine is prepared by mixing 24.2 g urea, 10.0 g sodium chloride, 6.0 g of 

monopotassium phosphate, 6.4 g sodium phosphate in 100 mL of DI water. To demonstrate 

the SERS detection from artificial urine, a ZipTip is utilized as a sample pre-treatment 
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method to extract our target metabolites from artificial urine (Figure 4-1 B). In general, 

passing the artificial urine through the ZipTip microcolumn will allow the relatively non-

polar target urine metabolites to be adsorbed on the C18 resin. Rinsing the column first with 

water elutes any adsorbed ions from the system. Subsequent rinsing with methanol extracts 

the urine metabolites from the microcolumn. Subsequently, we react the MPBA-

functionalized Ag nanocubes with the metabolites at alkaline pH to facilitate the covalent 

bond formation and allow selective target analyte capture.   

To build a quantification model to determine the relative abundance of pregnane/THC, 

we collect SERS spectrum of our MPBA reacted with a series of pregnane and THC mixture 

that have different percentage of pregnane in artificial urine. Typically, a pregnane% sample 

indicates that there is 90% pregnane and 10% THC in the solution. The corresponding 

pregnane (THC) concentrations for pregnane% of 97.4% and 98.7% are 0.0974 nM (0.0026 

nM) and 0.0987 nM (0.0013 nM) respectively.16, 17 We further treat the collected SERS 

spectra using PLS to study the pregnane percentage by analyzing the peak disappearance 

and wavelength shift within the whole spectra for MBPA after reacting with metabolites 

that have different percentages of pregnane (Figure 4-1C). 18 Multivariate PLS analysis will 

automatically resolve the minor changes in the SERS spectra arising due to the different 

metabolite concentrations in a multiplex setup comprising biofluids and construct a 

prediction model for miscarriage risk determination. As a result, PLS model is build up 

from 90% - 100% of pregnane and correlation coefficient is 0.971 (Figure 4-1D).  

To further validate our PLS regression model, we collect SERS spectrum from a 

simulated high-risk and low-risk sample which are spiked with pregnane:THC ratio at 

97.4% and 98.7%, respectively. Both simulated high-risk and low-risk samples will undergo 

the same pretreatment and detection process. The PLS prediction results show that the high-

risk sample is predicted to be (97.2 ± 0.8)% and while the low-risk sample is predicted as 
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(98.9 ± 0.3)%, which  are well in line with the spiked amount (Figure 4-1E). The further 

PCA analysis further demonstrate the clear discrimination among these two high-risk 

(miscarriage) and low-risk (ongoing pregnancy) groups. Hence, these results show that the 

ZipTip allows successful extraction of our target analytes from the artificial urine sample 

and that the PLS prediction model can predict unknown samples fairly accurately. Therefore, 

our entire method enables PLS prediction of the pregnane contents from artificial urine with 

a high accuracy.   

 

Figure 4-1.  Chemometric study of SERS spectra. (A) Schematic illustration of the process 

of Raman spectra collection, followed by spectral analyses using PCA and PLS. (B) 

Schematic illustration of sample pre-treatment procedures of urine prior to SERS 

measurements. (C) PLS prediction model is prepared by spiking artificial urine with various 

pregnane% (10-4 M). The correlation coefficient is 0.971. (D) PCA result of simulated 

ongoing pregnancy urine sample (pregnane% = 98.7%) and simulated miscarriage urine 

sample (pregnane% = 97.4%) with 95% confidence ellipses. The prediction results are 98.9 

±0.3 % and 97.2 ±0.8 %, respectively. (E) SERS spectra of artificial urine at different 

pregnane% after sample pre-treatment. (F) SERS spectra of artificial urine spiked with 

pregnane% of 98.7% and 97.4% to represent ongoing pregnancy and spontaneous 

miscarriage, respectively.  
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To evaluate the applicability of our SERS platform for threatened miscarriage 

diagnosis, we conduct a case-control study of 40 women presenting threatened miscarriage 

symptoms between 5 and 10 weeks of gestation at the emergency department of KK 

Women’s and Children’s Hospital (CIRB ref: 2013/320/D). Urine specimens are collected 

at presentation. We classify women who subsequently had spontaneous miscarriages as 

cases (n = 20) and those with ongoing pregnancy at 16 weeks gestation as controls (n = 20). 

Differences in SERS spectral signatures are observed from these two patient groups (Figure 

4-2B). To establish a calibration model for metabolite level quantification, we use urine 

specimens from nonpregnant women. We spike the urine samples from nonpregnant women 

with various pregnane% contents to build up the prediction model (Figure 4-2C and 4-3). 

The linear coefficients of this PLS prediction model are higher than 0.99, signifying 

reliability of our method even among patient urine samples.  

 

 

Figure 4-2. (A) Process of patient sample preparation, SERS screening and chemometric 

analysis. (B) Representative SERS spectra of urine samples collected from miscarriage 

patient number 30 and ongoing pregnancy patient number 3.  (C) Building up PLS 

prediction model by mixing various pregnane% (10-10 M) with non-pregnant urine samples. 
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Pregnane% from 20 ongoing pregnancy urine samples (blue squares) and 20 spontaneous 

miscarriage urine samples (pink squares).  

 

Figure 4-3. SERS spectra for spiked urine sample. SERS spectra of urine collected from 

non-pregnant women spiked with different pregnane%. 

 

For the 40 patient samples presenting threatened miscarriage symptoms, we extract a 

minimum of 25 spectra for each patient sample for analysis. The SERS spectra are loaded 

into the prediction model for quantification of metabolite levels. The metabolite levels 

obtained from our SPHB-mirror SERS platform show excellent correlation with those 

obtained via LC-MS analyses (Table 4-1). The absolute difference between SERS-predicted 

pregnane% and LC-MS is 0.0−3.1%. This slight deviation may arise from the use of single 

measurements in the LC-MS analyses. Hence, we successfully employ our SPHB-mirror 

platform to perform quantitative and multiplex metabolite detection in patient samples, 

notably at ultratrace sub-nanomolar levels using just 10 μL of urine. In our detection system, 

the whole screening procedure requires only 30 min, including urine pretreatment, sample 

drying on the SPHB-mirror platform, SERS measurements, and chemometric analyses. This 
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detection method is faster than conventional LC-MS analyses, which can take several hours 

to days for urine metabolite profiling.19, 20 This finding thus establishes our SERS detection 

approach as a promising point-of-care tool for triaging the risk of spontaneous miscarriage 

in patients presenting with threatened miscarriage in a clinical setting.  

 

 

Table 4-1. Relative pregnane% measured from our SERS platform compared against LC-

MS analyses for ongoing pregnancy samples (S1-S20) and miscarriage samples (M1-M20). 

 

4.3 Conclusion 

In conclusion, we have developed a SERS-based diagnostic kit towards threatened 

miscarriage diagnosis, which is capable of performing multiplex and ultrasensitive 

metabolite screening within 30 minutes. Pretreatment using ZipTip enables successful 

isolation of our target metabolite from urinary sample for SERS analysis. By employing our 

developed unique SPHB substrate with a confine-and-capture strategy, our SERS-based 

diagnostic kit is capable of metabolite-specific fingerprints. Further PLS analyses 

successfully convert all molecular fingerprints across the entire spectral window into 

quantifiable SERS readouts, generating a linearity range spanning 7 orders of concentration 
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changes. More importantly, PLS analyses can also pick up minor changes in metabolite 

concentrations at 0.1 nM levels in a multiplex setup comprising biofluids, thereby enabling 

us to apply our platform to quantitatively screen patient samples for key metabolites rapidly. 

Our SERS platform thus resolves various technical challenges that plague SERS substrates 

and restrict their translation into practical screening tools. 

Using our platform, we can quantify both pregnane and tetrahydrocortisone levels 

among 40 pregnant women presenting symptoms of threatened miscarriage in a case-control 

study. Threatened miscarriage is one of the most common gynecological emergencies 

worldwide and there is currently no point-of-care screening tests to identify miscarriage 

risks. Clinicians typically adopt a ‘watch-and-wait’ strategy or administer routine treatment 

with oral progestogens which may not be beneficial for all patients. Our non-invasive 

detection approach will significantly reduce undue distress among patients and enable 

clinicians to administer prompt medical intervention. From a broader perspective, this 

unprecedented combination of our SERS platform with metabolomics present multiple 

advantages over existing analytical platforms, including highly specific molecular 

fingerprinting for unambiguous metabolite identification, label-free multiplexing 

capabilities, ultralow sub-nanomolar detection limits (parts-per-trillion levels), 

straightforward sample treatment, low sample volume requirements, and non-invasive rapid 

quantification. Our approach can potentially be applied to screen for various diseases in 

numerous clinical settings and is particularly useful where only small sample volumes are 

available for screening, such as tears or sputum.   

4.4 Material and methods 

Preparation of calibration curve. We prepared a series of urine sample with various 

percentage of pregnane in the range of 90-100 % by mixing pregnane and THC solution of 

same concentration with calculated respect volume. For instance, we prepared the urine 
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samples which containing 90% pregnane and 10% THC by mixing 90 µL-pregnane (0.1 

mM) with 10 µL-THC (0.1 mM) solution. The control samples we will replace the pregnane 

and THC with 10 µL of pure H2O.   

Patient recruitment. Patients presenting at the KK Women's and Children's Hospital 

(KKH) Singapore, 24-h Women's Clinic were recruited. Inclusion criteria were (i) patients 

with a single intrauterine pregnancy between 6 and 10 weeks of gestation (confirmed and 

dated by ultrasonography) and (ii) patients presenting with pregnancy-related per vaginam 

bleeding. Women with previous episodes of per vaginam bleeding or women treated with 

progesterone for previous per vaginam bleeding in the current pregnancy, or women 

diagnosed with inevitable miscarriage, missed miscarriage, blighted ovum or women who 

are planning to terminate the pregnancy were excluded. Urine samples were collected at 

presentation for metabolite analysis. 

 

Sample pre-treatment for artificial urine and patient urine samples. The calibration 

curve is using urine collected from non-pregnant patients to establish the baseline for 

pregnane and THC levels. A non-pregnant patient urine was spiked with different 

pregnane% to establish our calibration curve. Prior to reaction with MPBA-functionalized 

Ag nanocubes, the spiked non-pregnant patient urine was desalted and purified with 

ZIPTIP. After reaction with the functionalized nanocubes, the mixture was further treated 

and purified prior to drop casting on the superhydrophobic chip for SERS measurements. 

A minimum of three individual samples was drop casted on the chip to obtain an average 

reading. A total of 40 patient samples were measured, where 25 measurements were done 

in each patient sample. 
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Time breakdown of detection process. The whole screening procedure significantly 

decreases the time required to 30 minutes, including 3 minutes for urine pretreatment, 25 

minutes for drying the sample on our SPHB-mirror platform, and 2 minutes for 

measurement and chemometric analysis. 
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Chapter 5: Intensifying Specific Surface-enhanced Raman Scattering 

Fingerprinting for Machine Learning-Assisted Accurate Profiling of 

Structural Isomers  

 

Abstract. Surface-enhanced Raman scattering enables fast interrogation of a mixture by 

fingerprinting their chemical components and unique structures. However, in biological 

systems, accurate sample identification faces great challenge due to the weakened signal 

specificity arising from overlapping signals from multiple components. Here, we present a 

SERS fingerprinting approach with intensified specificity over structural isomers, whereby 

the spectral data is acquired by diversifying their chemical interaction moieties with a 

surface functional probe. Supported by experimental and theoretical simulation, we show 

that multiple analyte and probe molecular states influence the configurations and 

intermolecular strength in which analytes interact with the probe, intensifying the specificity 

of the resulting SERS fingerprints and boosting their identification. Incorporating our 

method with machine learning algorithms, we successfully distinguish 6 chondroitin 

sulfates (CS) disaccharides structural complex and 3 potential structural interferences with 

reliable discriminatory accuracy of 100 %. Quantification of multiplex CS structure isomers 

is also achieved with remarkable sensitivity down to 10-11 mole. Our SERS fingerprinting 

approach combined with advanced machine learning data analysis thus demonstrate great 

potential for fast and accurate profiling of wide biological structure complexes. 
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5.1 Introduction 

Identification of structurally analogous isomers is crucial for biomedical diagnostics 

because the relative levels of multiple molecular species provide important biochemical 

clues to the health and disease status of an individual.1, 2 Although liquid chromatography-

mass spectrometry (LC-MS) is principally employed for molecular characterization, it is 

not feasible to directly resolve structural analogues due to the highly similar fragmentation 

patterns generated. In this aspect, surface-enhanced Raman scattering (SERS) spectroscopy 

is well-suited for rapid and unambiguous discrimination of structural analogues even at 

trace level by providing molecule-specific vibrational fingerprint with single-molecule 

sensitivity.3-5 However, current SERS differentiation of structural isomers is usually limited 

to large Raman cross sections molecules, such as molecules, or dyes with strong surface 

affinity, such as thiol-based nitrophenols, limiting their practicality for real-life 

applications.6-8 Another key issue is that analyte identification and quantification typically 

involve manual spectral inspection, which cannot accurately process the complex and subtle 

spectral changes generated by multiplex structural analogues.9-11 This challenge is further 

aggravated by the ultralow concentrations of most biologically significant target analytes. 

Thus, it remains a huge challenge to achieve rapid SERS identification and relative 

quantification of diverse structurally analogous isomers with high accuracy and reliability. 

Herein, I demonstrate a machine learning-assisted identification and quantification of 

multiplex trace structurally analogous isomers by intensifying the isomer-specific SERS 

fingerprints upon interactions with a SERS probe, using chondroitin sulfate (CS) 

disaccharide isomers as a model. CS isomers have resembled skeleton structure with diverse 

structural variations in terms of the number and position of sulfate groups (Scheme 5-1A), 

and are responsible for directing cell division, neuronal development and cancer cell 

growth.12-14 As such, sensitive recognition of the CS sulfation pattern is important to 
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elucidate the exact structure-function relationships, so as to advance understanding on key 

physio-pathological processes for various diseases including cancer.15, 16 Our strategy 

features three parts: 1) use of superhydrophobic SERS sensing platform to physically enrich 

both plasmonic nanoparticles and analytes, 2) inducing multiple molecular states of SERS 

probe 4-mercaptopyridine (MPY) and CS isomers to diversify their chemical interaction 

configurations and  3) employment of machine learning tools to decipher the complex 

spectral changes for accurate and rapid quantification (Scheme 5-1B).  Notably, our method 

achieves near 100 % discriminatory accuracy for 6 CS structural analogues. By using 

machine learning algorithms, including PLS, we can analyze and process large datasets for 

whole measured spectral range efficiently to perform ultra-sensitive, quantitative multiplex 

screening of diverse CS mixtures reach to 10-11 mole. We further achieve relative 

compositional analysis of 4 CS disaccharides (CS-A, CS-C, CS-E, and CS-D) from their 

complex mixtures, which is important to monitor the progression of breast cancer.15-17 It is 

noteworthy that our strategy only requires 2 µL for analysis. Such small-volume analysis 

will be highly useful for future real-life application in which samples are scarce or limited. 

Our strategy is thus a powerful tool which is capable of recognizing multiple CS isomers 

with different sulfation patterns at trace levels, with the potential of being extended to other 

biological compounds. The insights will be highly useful to empower the discovery of 

specific biomarkers and reveal their structure-activity relationship, and advance SERS 

towards practical multiplex isomer differentiation for a wide number of isomers, even at 

low concentrations.   
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Scheme 5-1. (A) Schematic representation of the structural diversity of chondroitin sulfate 

disaccharide analogy and their relevant molecular structures, which share the same skeleton 

with slight variations in the number and position of sulfate groups. (B) Schematic 

demonstration of machine learning assisted structural isomers profiling, based on molecular 

level fingerprinting from synergistic probe/analyte interaction, to capture the target’s 

structural information in a holistic way.   

 

5.2 Results and discussion  

In our work, we first mix MPY-functionalized plasmonic nanocubes with the target 

analytes, dropcast the aqueous droplet onto a superhydrophobic (SPHB) SERS substrate 

and measure the SERS signal after the droplet has fully dried (Figure 5-2A). Such platform 

combines a unique two-step strategy of “confine and capture” in one chip to achieve greatly 



105 
 

amplified and homogenous spectral signal, enhancing its identification capability of varied 

analytes (Figure 5-2B, C).18 Notably, we employ MPY (pKa, 5.3) as a highly sensitive 

SERS functional probe because it exhibits multiple deprotonated and protonated molecular 

structural states that result in distinctive SERS fingerprint spectra (Figure 5-3).19-21 

Structurally, our target analytes share the same galactosamine and glucuronic acid that are 

joined via a glycosidic bond, and differ only in their sulfonation extent and positions. In 

general, CS disaccharides, are negatively charged due to sulfate groups (pKa, 0.5-1.5) and 

the carboxylic group (pKa, 3-5.7) enables CS to exhibit either protonated (-COOH), 

deprotonated states (-COO-) or both states.22 Thus, we hypothesize that the various MPY 

and CS molecular states will enable diversified configurations in which the analytes can 

interact with the probe, empowering the analyte-specific SERS fingerprinting for their 

discrimination.   

 

 

Figure 5-2. (A) Schematic illustration of the SERS sensing platform, a water droplet 

containing SERS-active Ag nanocubes placing on superhydrophobic SERS substrate and 

the SERS signal is collected upon fully drying the droplet. The inset is the SEM image of 
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the region with dried droplet. (B) SERS spectrum collected with MPY-functionalized Ag 

nanocubes. (C) Hyper SERS map over the pyridine ring breathing mode at 1004 cm-1.  

 

 

Figure 5-3. SERS spectrum of MPY acquired upon fully drying water droplet containing 

MPY-functionalized Ag nanocubes at different pH on SPHB SERS substrate. The right 

scheme shows the different molecular states of MPY on Ag nanocubes’s surface.  

 

We highlight that CS resemble an extreme set of structural isomers and they cannot be 

easily discriminated and quantified by using conventional LC-MS technique, therefore 

serving as an excellent model benchmark to assess our method. We first investigate the 

capability of our SERS method to identify diverse CS structural analogues with different 

sulfation extent, non-sulfated (CSO), mono-sulfated (CSA), di-sulfated (CSE), or tri-

sulfated CS (CST) (Figure 5-4A).17 Typically, we acquire SERS spectra upon after drying 

a 2 µL-water droplet (pH 5) containing mixed MPY-Ag nanocubes with aqueous (2mg/mL) 

CS analytes on SPHB substrate, respectively. In the absence of CS, the MPY SERS spectra 

exhibit many vibrational modes from 600 to 1800 cm-1, whereby the strong modes are 

observed at 1004 and 1098 cm-1 and are indexed to the breathing mode of pyridine ring and 

stretching mode of C-S, respectively (Figure 5-4B). Another two pronounced peaks that 

show up at 1585 and 1613 cm-1 are attributed to the pyridine ring structure C=C stretching 
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mode with deprotonated and protonated N, respectively, which coexist on Ag surface at pH 

5. Notably, in presence of CS disaccharides, the pyridine ring breathing vibration of MPY 

consistently undergo decrement and become broadened with emergence of several peaks in 

its fingerprint region, indicating their partial interaction with CS (Figure 5-4B and 5-4Ci). 

In addition, the relative peak intensity of the two C=C stretching modes at 1613 (protonated 

N) and 1585 cm-1 (deprotonated N) shows great differences depending on the interacted CS 

structures (Figure 5-4C ii).  These spectral changes collectively indicate the molecular 

interactions of CS structural variants with MPY.  
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Figure 5-4. (A) Molecular structure of CS disaccharides analogues with varied sulfate 

extent, nonsulfated CSO, monosulfated CSA, disulfated CSE, and trisulfated CST, 

respectively. (B) SERS spectra of MPY in the absence (denoted as blank) and presence of 

4 different CS disaccharides. The scheme indicates the two MPY molecular structures on 

Ag surface at pH 5 and their proposed interaction with diversified CS. (C) Magnified SERS 

spectra of MPY (i) ring breathing mode and (ii) C=C stretching mode region in the presence 

of CS and their respective deconvoluted peaks. The spectra of MPY in the absence of CS 

(i) has been overlaid (black) in each case for comparison. (D) Table summarizing the 

spectral changes of MPY in the presence of CS including decrease of peaks intensity, peak 

shift, and appearance of new peaks, as well as changes of peak ratio.   

 

 

Figure 5-5. Complex structure of MPY with different CS structural variants for SERS 

spectrum calculation.  
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Figure 5-6. DFT simulated SERS spectrum from MPY and their complex structures with 

varied CS.  

 

To corroborate the molecular origin and resolve the analyte specific spectral changes, 

density functional theory is performed to calculate the SERS spectrum of MPY and MPY 

coupled with CS, CSO, CSA, CSE, and CST respectively (Figure 5-5). MPY can complex 

with CS via forming hydrogen bond between N atom in pyridine ring and the carboxylic 

group from CS, resulting in higher energy required for pyridine ring breathing. 

Correspondingly, we observe a blue shift of the pyridine ring breathing mode of ~ 15 cm-1 

from DFT simulated spectrum of MPY bonded non-sulfated CSO and mono-sulfated CSA 

(Figure 5-6). Nevertheless, a red shift of MPY’s breathing mode and their overlap with S-

O stretching mode of SO3 group is observed as MPY is coupled with di-sulfated CSE and 

tri-sulfated CST. We attribute such changes to the increased negative sulfate group in CSE 

and CST which can form strong interactions with the π electron from pyridine ring, lowering 

the energy for breathing mode. Our experimental spectra thus match well with the DFT 
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simulation, whereby blue and red shift of MPY ring breathing mode is observed in 

MPY/CSO or CSA, and MPY/CSE or CST, respectively (Figure 5-4Ci).  Meanwhile, the 

emerged SERS peaks at 994 and 992 cm-1 in MPY/CSO and MPY/CSA are indexed to the 

stretching mode of C-O-C and S-O from respective CSO and CSA.  For MPY/CSE and 

MPY/CST, the relevant SERS peak at 995 and 999 cm-1 is due to the co-vibration of S-O 

stretching and pyridine breathing, whereas the peak at 1020 and 1013 cm-1 are specifically 

indexed to C-O-S stretching of CSE and S-O stretching of CST, respectively. Aside from 

these fingerprint changes, the relative peak intensity ratio of two experimental C=C 

stretching at 1613 (protonated N) and 1585 cm-1 (deprotonated N) shows a decreased trend 

as MPY is complexed with CSO, CSA, CSE, and CST. This result affirms the increasing 

negative sulfate extent affect the interaction of CS with MPY, resulting in varied SERS 

fingerprinting.  These spectral changes, including peak intensity changes, peak position shift, 

and assignment of emerged new peaks, as well as changes of relative peak intensity ratio, 

collectively serve as sensitive and specific features which can be used to distinguish 

between the various CS structures (Figure 5-4D).  Manual analysis of these spectra, 

however, suffer from lower efficiency and accuracy for targets identification, especially in 

case of massive spectra from multiple sample measurements.  

To reduce manual visual inspection which can result in human error and tedious 

identification of the subtle spectral differences, I employ machine-learning algorithms to 

assist massive spectra analysis from multiple targets with improved efficiency and accuracy. 

Principal component analysis (PCA) is a clustering method that can be employed to 

reinforce the variance of different datasets from massive data across the entire spectral 

region and thus greatly enhance the discrimination of multiple targets (Figure 5-7A).23, 24 

We load a total 125 of SERS spectra and 76250 variables (wavenumbers) corresponding to 

MPY (blank), MPY/CSO, MPY/CSA, MPY/CSE, and MPY/CST (25 spectra for each 
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species, 610 variables for each spectra, all spectra collected under identical condition), 

respectively (Figure 5-8).  

 

Figure 5-7. (A) Scheme illustrating principal component analysis algorithms (PCA), to 

reinforce discrimination of structural variants with high accuracy among high dimensional 

SERS dataset.  

 

 

Figure 5-8. Experimental SERS spectra of pyridine ring breathing mode of MPY and that 

in the presence of multiple CS structural variants, as compared to the DFT simulated SERS 

spectra from varied MPY/CS complex structures, for peak assignment. 
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The preprocessing methods used are standard normal variate and mean center before 

the unsupervised clustering. We use a total of 3 principal components for PCA analysis, 

whereby PC1 account for a 69.3 % of the variance in the original SERS spectra, meaning it 

captures the maximum amount of information. The output PCA score plot reveals 5 distinct 

clusters along PC1, corresponding to 4MPY in the absence (blank) and presence of CSO, 

CSA, CSE, and CST, respectively, indicating that CS with different sulfation extent can be 

differentiated unambiguously (Figure 5-9A). The further analysis on the loadings/variables 

scores analysis reveals PC1 is strongly influenced by two spectral regions, 1004-1010 and 

1570-1620 cm-1, which is due to the pyridine ring breathing and C=C stretching mode, 

respectively (Figure 5-9B).  In the first region, MPY demonstrates a strong and sharp band 

at 1004 cm-1, and decrease in its intensity and broadens in the presence of CS. Hence, 

clusters related to MPY (blank) is unitarily distributed in the second quadrant of the PCA 

score plot.  The formation of hydrogen bonding between nonsulfated CSO with MPY 

increase the intensity of C=C stretching with N-H at 1610-1620 cm-1, thus driving clear 

discrimination of CSO from other sulfated CS.25 The further co-interaction of negative 

sulfate anion with pyridine ring regulates the peak intensity of C=C stretching mode at 

1570-1583 cm-1, resulting in specific fingerprints that enable distinguishing the remaining 

sulfated CS, CSA, CSE, and CST. These results agree well with and surpass our previous 

manual analysis, with rapid and accurate extraction key variance from massive SERS 

spectrum for effective discrimination of structural variants.  



113 
 

 

Figure 5-9 (A) PCA score plot of 125 SERS spectra from MPY interacted with CSO, CSA, 

CSE, and CST as well as MPY in the absence of CS (blank). (B) Corresponding loading 

(variables) plot to reveal the underlying variables accounting for principal components 1 

and 2. (C) Schematic illustration of CS positional isomers, mono-sulfated CS (CSA and 

CSC) and di-sulfated CS (CSD and CSE). (D) PCA results of MPY interacted with 4 CS 

positional isomers, respectively. (E) PCA results of SERS spectra from MPY interacted 

with 4 CS positional isomers and their mixtures with different compositions (#1, 

CSA/CSC/CSD/CSE = 34/60/1/5; #2 CSA/CSC/CSD/CSE = 61/32/14/3).  

 

Table 5-1 Machine learning predicted accuracy of multiple structural variants of CS using 

logistic regression model. 



114 
 

Next, we highlight that our method is capable of distinguishing CS positional isomers 

with same sulfation extent but at different sulfate positions (Figure 5-9C). Particularly, we 

apply unsupervised PCA over SERS spectra obtained from 4-MPY in the presence of two 

mono-sulfated CS positional isomer, CSA and CSC (C4- and C6- sulfated, respectively), 

and other two di-sulfated CS isomer (CSE and CSD) (Figure 5-10). The resulting PCA score 

plot demonstrates distinct clusters related to each CS, indicating that our SERS strategy is 

capable of differentiating positional isomers (Figure 5-9D). Further loading/variables scores 

analysis reveal the spectral region of 1600-1620 cm-1 that is indexed to the C=C stretching 

mode mainly drives the differentiation of mono-sulfated CSA and CSC. Simultaneously, 

the region of 1020-1026 cm-1, which is indexed to the C-O-S vibration mode, determines 

the discrimination between di-sulfated CSD and CSE.25 These results are further affirmed 

by DFT simulation of SERS spectrum from the CS coupled MPY (Figure 5-6). Remarkably, 

our approach also successfully discriminates mixtures of 4 CS complex structures from their 

neat CS components (Figure 5-9E). Upon applying supervised machine learning algorithm 

using logistic regression, a discrimination accuracy as high as 100% is achieved for 

prediction of 6 different CS structural variants and blank samples (Table 5-1). These results 

collectively illustrate that our SERS fingerprint readout are highly specific over multiple 

CS disaccharide variants, and machine learning algorithms can enable their rapid and 

accurate identification, greatly surpassing traditional LC/MS method.17  
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Figure 5-10. Experimental SERS spectrum from MPY (pH 5) in the presence of varied CS 

with different sulfonation extent, non-sulfated CSO, mono-sulfated CSA, di-sulfated CSE, 

and tri-sulfated CST. Total 125 spectrum, with 25 spectra for each sample.   

 

To elucidate the intensive specificity of the resulting SERS fingerprinting, we 

investigate the molecular interaction in terms of both probe and analyte at molecular level. 

First, we mediate the molecular states of MPY probe by adjusting environmental pH to be 

from 1 to 11 for MPY-CS interaction, whereby the surface is mainly dominated by 

protonated and deprotonated MPY, respectively, as compared to their coexistence at pH 5. 

SERS spectrum were collected under identical experimental condition and PCA is 

employed to cluster the SERS spectra obtained from MPY interaction with CSA, CSC, CSD 

and CSE, at pH 1 and pH 11, respectively (Figure 5-11).  
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Figure 5-11. Experimental SERS spectrum from MPY (pH 5) in the presence of varied CS 

with same sulfonation extent but different sulfate group position, mono-sulfated CSA and 

CSC C, di-sulfated CSD and CSE.  

Notably, the PCA plot failed to show clearly segmented clusters from different CS 

structures in case of interaction with MPY at pH 1 and 11, whereby clusters from mono-

sulfated CSA and CSC partially overlap (Figure 5-12A and B, 5-13). These results 

demonstrate that it is challenging to differentiate CS structural isomers under conditions at 

both pH 1 and 11, despite applying advanced machine learning algorithm. This is likely 

arising from the weaken specificity of the relevant SERS fingerprinting. As compared to 

SERS spectra obtained at pH 1 and 11, we attain unambiguous identification of 4 CS 

isomers as CS interacting with MPY at pH 5. These results illustrate that the SERS 

fingerprinting of the MPY/CS complex formed at pH 5 are more specific as compared to 

that forming at pH 1 and 11, thus greatly boosting discrimination efficiency of CS structures 

even with slight variations. We attributed such intensified CS-specific SERS spectrum to 

the multiple molecular states of MPY (pKa 5.3) at pH 5, with coexistence of deprotonated 

and protonated MPY. Correspondingly, at pH 5, the carboxylic group of CS (pKa, 3-5.7) 

exhibit two molecular forms, protonated (-COOH) and deprotonated states (-COO-), and 

sulfate group (pKa, 0.5-1.5) remains deprotonated states. These multiple probe and analyte 

molecular states facilitate formation of diversified MPY/CS complexes via hydrogen 
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bonding and anion-pi interaction, intensifying the specificity of the resulting SERS 

fingerprint (Figure 5-12C). In contrast, for MPY/CS complex forming at pH 1 and pH 11, 

their interaction exhibits limited configuration, thus the resulting SERS spectrum exhibit 

similar features across the different CS isomers. The simulation of interaction of MPY and 

CS under multiple molecular states further affirms the formation of MPY/CS complex with 

diversified configuration (Figure 5-14). Our results thereby affirm our preliminary 

hypothesis that the coexistence of multiple molecular states favors the formation of 

diversified configurations of molecular complex, intensifying the specificity of SERS 

fingerprinting.   
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Figure 5-12. PCA score plot of SERS spectra from 4 CS positional isomers upon interacted 

with regulated MPY on Ag surface by adjusting pH at (A) 1 and (B) 11. The inset indicates 

the MPY molecular state under each condition. (C) Schematic illustration of the synergetic 

multiple interactions between MPY and CS disaccharide moiety at pH 5 for clear 

discrimination among diverse CS, which is superior to the binary interaction at pH 11 and 

unitary interaction at pH 1. (D) Molecular structure of 4-MBS, citric acid, and glucose, with 

resembled sulfate and carboxylic group, as well as monosaccharide sugar skeleton. (E) PCA 

analysis of MPY reacted with 4 CS isomers, 4-MBS, citric acid, and glucose, respectively, 

as well as (F) the corresponding variables (600-1800 cm-1) plot. (G) Table summarizing the 

3 reactive moiety of CS structures with MPY and the corresponding interaction as well as 

the key Raman vibration variables contributing to their discrimination.     

 

Figure 5-13. Experimental SERS spectrum from MPY (pH 11) in the presence of varied 

CS with same sulfonation extent but different sulfate group position, mono-sulfated CSA 

and CSC C, di-sulfated CSD and CSE.  
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Figure 5-14. Experimental SERS spectrum from MPY (pH 1) in the presence of varied CS 

with same sulfonation extent but different sulfate group position, mono-sulfated CSA and 

CSC C, di-sulfated CSD and CSE.  

 

Next, we investigate the separate response of relevant active structural regions, sulfate 

group, carboxylic group, and the sugar ring on the SERS fingerprinting of MPY. We study 

the SERS response of 4MPY (pH 5) in the presence of 4-methylumbelliferyl sulfate, citric 

acid, and glucose, which have the partially resembled functional group as CS structures 

(Figure 5-12D). We apply the same PCA to the SERS spectrum collected under identical 

condition with that of CS (Figure 5-15). Notably, the 2D PCA plot demonstrates well-

distinguished clusters among each species and four different CS isomers, CSA, CSC, CSD, 

and CSE (Figure 5-12E). Further loadings plot analysis indicates that the ring breathing 

mode region near 1004 cm-1 and C=C stretching mode around 1617 cm-1 drives the 

unambiguous discrimination of citric acid (-COOH) and glucose, respectively, from other 

analytes, 4MBS and 4 CS (Figure 5-12F and 12G).  Notably, 4MBS and all 4 CS structures 

have similar sulfate (-SO3-) group, which enables interaction with MPY via anion-π, 

whereby their differentiation rely on both the C=C stretching mode at both 1583 and 1617 
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cm-1 and ring breathing mode region (Figure 5-10F and 10G). These results further affirm 

the intensified SERS fingerprinting over different structures and that the integration of 

machine learning is key to extract the key spectral variance for structural analysis. We 

further highlight that our strategy enables ready differentiation of target CS analytes from 

potential interfering compounds, which is significant for real world analysis with 

coexistence of multiple molecules. 

 

Figure 5-15. Optimized multiple molecular geometry of MPY complex with non-sulfated 

CSO using MM2 calculation. The deprotonated MPY and protonated MPY are represented 

as MPY (D) and MPY (P), respectively, while the CSO with carboxylic group (-COOH) 

and carboxylate anions (-COO-) are denoted as CSO (P) and CSO (D), respectively. The 

calculated minimized total steric energy for MPY(D)/CSO(P), MPY(P)/CSO(P), 

MPY(D)/CSO(D), and MPY (P)/CSO(D) are 16.86, 11.80, -2.62, and -133.35 kcal/mol, 

respectively.  

 

Effective and fast multiplex quantification of structural isomers from complicated 

biological matrices, such as medicine, cell matrix, urine, is crucial for future development 

of point-of-care diagnosis. This is significant for biological studies because their 

concentrations can be used as health indicator. For instance, a compositional analysis 
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indicates an elevation of CSA and CSE along with decrement of CSC and CSD in the 

progression of breast cancer. Integrated with machine learning algorithms, we test the 

capability of our SERS fingerprinting technique to quantify the levels of 4 CS, CSA, CSC, 

CSD and CSE, from their mixtures (Figure 5-16A). Among multiple algorithms, 

multivariate partial least square regression (PLS) analysis is capable of resolving minor 

spectral changes after reacting with different analyte concentrations in a multiplex setup 

and build the quantification model for each component. We employ PLS over SERS spectra 

of MPY in the presence of multiple CSA, CSC, CSE, and CSD mixtures. The resultant 

prediction models display high linear coefficients of 0.96 – 0.98 for all of the four CS 

components, indicating that our method attains a good prediction accuracy for multiplex 

detection of diverse CS (Figures 5-16 B-E). As proof-of-concept, we employ the PLS 

calibration model to predict the abundance of relevant CS units in five different mixtures, 

which can be further transformed to machine readable QR codes (Figure 5-16F). Our 

method enables accurate and faster prediction of the relevant CS composition, which is 

advantageous over conventional LC-MS analysis. Notably, our method can detect down to 

a low concentration of 10 µM using an ultralow-volume µL droplet, highlighting that our 

method is highly promising for screening of complex structure and their variants.   
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Figure 5-16. (A) Scheme illustrating machine learning multivariate PLS analysis enabled 

quantification and identification of multiplex CS structural variants with mobile readable 

QR code as output component information, which is applicable for relevant analysis in 

medicine, complex cell matrix, and urine.  (B-E) PLS calibration curves of respective CS 

isomer (CSA, CSC, CSD and CSE respectively). (F) Table of our machine learning-SERS 

predicted component analysis from 5 samples and the generated 5 QR codes.   

 

5.3 Conclusion 

In summary, we present an accurate identification and quantification of multiplex 

structural variants, by using an intensified specificity of SERS fingerprint combined with 
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machine learning techniques. The various analyte and probe molecular states due to the 

multiple charged functional groups can allow the formation of diversified molecular 

complex with different configuration, thus intensifying the analyte-specific SERS 

fingerprints over varied analytes. As proof of concept, we showcase an unambiguous 

discrimination of a series of chondroitin sulfate disaccharide structures in the absence and 

presence of substitution of sulfate groups, as well as structures with different sulfonation 

extent and their substitution position. Such discrimination is rapid and accurate, with a 

reliable discrimination accuracy of 100 %, greatly superior to manual and tedious SERS 

spectral analysis and traditional LC/MS techniques. Integration with machine learning 

algorithms permits an accurate quantification of the CS levels from their complex mixtures, 

with prominent accuracy near 100 %. Our method collectively demonstrates the great 

potential for decoding CS sulfate patterns and serve as a rapid profiling method for multiple 

biological structural analogues and isomers, providing significant biomedical clues for 

biomedical diagnostics.  

5.4 Material and methods  

Chemicals. Silver nitrate (≥ 99%), anhydrous 1,5-pentanediol (≥ 97%), 4-

Mercaptopyridine (95 %), toluene (99.5%), poly(vinylpyrrolidone) (PVP, average MW = 

55000 g/mol), and 1H,1H,2H,2H-perfluorodecanethiol (PFDT, 97+%) were purchased 

from Sigma Aldrich; 3-aminopropyltriethoxysilane (98%), copper (II) chloride (≥98%) 

were from Alfa Aesar; ethanol (ACS, ISO, Reag. Ph Eur) was from EMSURE; hydrochloric 

acid (HCl, 37%) was purchased from Analar Normapur. CSA, CSC, CSD, CSE were 

purchased from Scientific Resources. All chemicals were used without further purification. 

Milli-Q water (>18.0 MΩ.cm) was purified with a Sartorius Arium 611 UV ultrapure water 

system. 
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Synthesis silver nanocubes. The preparation of silver nanocubes (AgNC) was followed the 

polyol method described is previous studied. 10 mL of CuCl2 at 8 mg/mL and PVP at 20 

mg/mL were dissolved in to 1,5-pentanediol solution via vortexed and sonicated repeatedly. 

A 35 μL of CuCl2 solution was then added to AgNO3 solution (20 mg/mL) and vortexed 

and sonicated repeatedly till fully dissolved. A 100 mL round bottom flask was filled in 20 

mL of 1,5-pentanediol, cleaned with aqua regia (3 HCl: 1 HNO3), and 10 minutes pre-

heated of 1,5-pentanediol solution at 190 ºC. Then 250 μL PVP precursor was added 

dropwise to the round bottom flask every 30s while 500 μL AgNO3 precursor was added 

quickly every minute. This process was repeated until the color of reaction mixture turned 

reddish brown. For the subsequent growth of Ag octahedra, this solution was used without 

further treatment.  

 

Purification of silver nanocubes. To purify the nanocubes for further self-assembly 

experiments, acetone was added to the AgNC solution and centrifuged to remove excess 

1,5-pentanediol. The supernatant was then dispersed in ethanol to remove excess acetone. 

The resulting suspension was dispersed in 10 mL ethanol and subsequently diluted with 100 

mL of aqueous PVP solution (0.2 g/L). The mixture was then vacuum filtered using PVDF 

filter membranes with pore sizes 5000, 650, 450 and 220 nm for some times on each pore 

size. UV-vis and SEM imaging were performed to analyse the edge length of AgNC. Edge 

length of 128±7 nm AgNC were measured and analysed using ImageJ software. The 

synthesized AgNC had an approximate concentration of 2 mg/mL. 

 

Synthesis and purification of silver octahedra. The synthesis of AgNO proceeded from 

the nanocube solution in 1,5-pentanediol. For precursor preparation, 10 mL of CuCl2 at 8 

mg/mL and PVP at 20 mg/mL were fully dissolved separately in 10 mL 1,5-pentanediol via 
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the vortexed and sonicated repeatedly till. A 40 μL of CuCl2 solution was then added to 

AgNO3 solution (40 mg/mL) and vortexed and sonicated repeatedly till fully dissolved. The 

round bottom flask containing the Ag NC solution in 1,5-pentanediol was heated to 190 °C 

for 10 minutes. A 250 μL PVP precursor was added dropwise to the round bottom flask 

every 30s while 500 μL AgNO3 precursor was added every minute. This process was 

continued for approximately an hour, and the reaction mixture became greyish brown. 

To purify Ag NO, acetone was added to the AgNO solution and centrifuged at 8000 

rpm for 10 minutes to remove excess 1,5-pentanediol and dispersed in 10 mL of ethanol to 

remove excess acetone. The resulting suspension was then redispersed in 10 mL of AR 

ethanol and then diluted with 100 mL of aqueous PVP solution (0.2 g/L). The mixture was 

then vacuumed filtered using PVDF filter membranes with pore sizes 5000 and 650 nm on 

each pore size for several times. UV-vis and SEM imaging were performed to analyse the 

length of AgNO. Edge length of 299±22 nm AgNO were measured and analysed using 

ImageJ software. The synthesized AgNO had an approximate concentration of 4 mg/mL. 

 

Preparation of negatively-charged AgNC and AgNO. AgNC solution (0.1 mL, 0.18 mM) 

was added topup 1 mL of ethanol and discharge the supernatant after centrifuged. Then the 

1.5 mL of solvent (50% IPA: 50% ethanol) were used to redispersed AgNC  and left stirring 

at 500 rpm at 25 ºC. 50 µL of 11-mercaptoundecanoic acid IPA solution (0.1 mM) was 

added to the stirring solution of AgNC solution dropwise. The reaction mixture was then 

left to stir at room temperature for 4 hours. The mixture solution was then removed from 

stirring and centrifuged at 6500 rpm for 4.5 minutes. The resulting solution was undergo 

centrifuged step and removed the supernatant. The1.5 mL of IPA/Ehtnaol mixture (50% 

IPA: 50% ethanol) will add in and dispersed the AgNC, sonicated and centrifuged. The 

process was repeated twice, and the resulting product was stored in a nitrogen environment 
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to prevent oxidation. Zeta potential measurement of AgNC is about -24 mV to ensure 

particles were negatively charged. This ligand functionalization step was repeated for four 

separate AgNO solutions (100 µL, 0.11mM), using 11-mercaptoundecanoic acid IPA 

solution (0.1 mL, 10 mM). 

 

Functionalization of Ag NC with 4-mercaptopyridine (4-MPY). 1 mL of ethanol was 

added to AgNC solution (0.1 mL, 0.18 mM) and the supernatant was discard after 

centrifuged. The AgNC were then redispersed in 1.5 mL of ethanol and left stirring at 500 

rpm at 25 oC. A solution of 4-MPY (0.05 mL, 0.1 mM) in ethanol was added dropwise to 

the stirring solution of AgNC solution. The reaction mixture was then left to stir at room 

temperature for 4 hours. The reaction mixture was then removed from stirring and 

centrifuged at 6500 rpm for 4.5 minutes to remove the supernatant. The process was 

repeated once more, before repeating the same ligand reaction for a further 3 hours. The 

AgNC was then dispersed in 1.5 mL of ethanol, sonicated and centrifuged. The process was 

repeated twice, and the resulting product was stored in nitrogen box to prevent oxidation.  

 

SERS measurements for CSs. Individual SERS experiments were first conducted for 4 

pure CSs. 2 µL of CS solution (10-5 – 10-9 M) were mixed with the dried MPY-

functionalized Ag NC (~0.2 mg/mL) at various pH value. The mixture was then drop-casted 

on the superhydrophobic chip and then allowed to dry under ambient conditions. Raman 

spectra were collected using a laser excitation wavelength of 532 nm, at 0.2 mW and 1s 

acquisition time.   

 

Principal component analysis (PCA). In the PCA study, we input 24 untreated spectra 

each for 4-MPY-functionalized Ag NC (at pH5), 4-MPY-functionalized Ag NC-CSA, 4-
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MPY-functionalized Ag NC-CSC, 4-MPY-functionalized Ag NC-CSD and 4-MPY-

functionalized Ag NC-CSE, respectively into the software (total of 96 spectra). Standard 

normal variate correction, Savitzky-Golay derivative algorithm and mean center were 

applied to reduce spectral noise and eliminate interference from the background signals. 

During PCA analysis, the whole spectral range measured experimentally was selected, and 

two PCs were applied.  

 

Partial least square analysis (PLS). PLS analysis was used to establish a standard 

calibration curve for the pure analytes, multiplexed detection of pure analytes. For pure 

analytes, PLS model was built up from 10-5-10-9 M for every CS molecule. 24 spectra were 

input for each concentration measured, resulting in the use of 120 spectra. Baseline, 

standard normal variate correction and mean center were applied to reduce spectral noise 

and eliminate interference. During the analysis, the entire spectral range measured 

experimentally was selected, and a suitable number of loading vectors were employed to 

provide the minimum root-mean-square error for cross validation (RMSECV). 

 

Confusion matrix. The SVM-DA function have been used to demonstrate the confusion 

matric. We apply a standardized set of pre-processing methods which include baseline 

correction using the automatic weighted least squares method, extended multiplicative 

scatter correction, normalization, and median centering. The cross-validated using venetian 

blinds, with 10 splits and a blind thickness of 1.  

 

Characterization. SEM imaging was performed using a JEOL-JSM-7600F microscope at 

an accelerating voltage of 5 kV. Zeta potential measurements were conducted using 

ZETASIZER NANO with DTS1070 folded capillary cell. Thermal evaporation of Ag film 
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was performed using Syskey thermal evaporator (Taiwan). x-y SERS measurements were 

performed with Ramantouch microspectrometer (Nanophoton Inc, Osaka, Japan) at an 

excitation wavelength of 532 nm (power = 0.2 mW). A 20 x (N.A. 0.45) objective lens with 

1 s accumulation time was used for data collection between 500 cm-1 to 1600 cm-1. All 

SERS spectra were obtained by averaging at least 10 individual spectra per Raman image. 

ZIPTIPs (Merck Millipore) packed with a C18 column were used for sample pre-treatment.  

PCA, PLS analysis, and HCA were studied by solo (Eigenvector Research, Inc.). 
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6: Conclusion and Future Work 

6.1 Summary 

The continuous development and improvement of plasmonic platforms via 

nanoparticle assembly has dramatically enhanced the SERS signals and broaden the 

application fields especially for practical metabolomic applications. However, we observe 

two challenges and research gaps for biomolecule detection that are impeding the progress 

of SERS in real life application. Firstly, in terms of small molecule detection, due to the 

poor surface affinity and low Raman cross section of most small molecules, the low SERS 

sensitivity largely limits the applicability. Secondly, the multiplex detection and 

quantitative molecule detection from complex matrix is still challenging. In this thesis, we 

overcome these two challenges by designing SERS platforms with high SERS 

enhancements, and creating surface affinities for our target analyte. We showcase the ability 

for SERS multiplex detection and quantification by using chemometrics and machine 

learning algorithms such as PCA and PLS analysis.  

In chapter 2, we demonstrate a two-part strategy at the oil/water interface to control the 

single building block morphology over the orientational ordering of supercrystals.  The 

plastic crystals and uniform metacrystals are fabricated by the tailorable polymeric surface 

interactions and multi-faceted building blocks. The PVP chains exhibit long-range 

translational order but reduced orientational order driving the formation of plastic crystal.  

This is due to the limited molecular-level interactions between neighboring particles. On 

the contrary, molecular interaction between neighboring particles is due to the brush-like 

conformations of PEG chains, creating a translational and orientational order metacrystals. 

Our approach to form plastic crystals can be extended to polyhedral nanoparticles with non-

identical crystal facets on the nanoparticle surfaces.  
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We further design a superhydrophobic SERS substrate in chapter 3, where we utilize 

two types of Ag nanoparticle for assembly as a proof-of-concept SERS detection platform 

for small molecule via capture-and confine strategy. We achieved high SERS enhancement 

by identifying two key factors. Firstly, the SPHB and mirror effect is crucial because it can 

physically concentrate the analyte in a small contact area effectively, enhancing SERS 

signals by 1012-fold. Secondly, employing a probe molecule can provide a specific bonding 

to attract our target analytes to our particle surface which can further enhance SERS 

sensitivity. Notably, the use of PCA and PLS to extract key vibrational information from 

our SERS spectra enables differentiation of pregnane and THC. The multiplex analysis also 

can be achieved at 10-9 M which shows excellent detection ability of our strategy. Our 

confine-and-capture approach thus offers a breakthrough solution to achieve the detections 

for small molecules.  

In chapter 4, we further extend our confine-and-capture strategy and develop a 

diagnostic kit toward real-life application for threatened miscarriage detection. In this 

chapter, we first conduct multiplex detection of pregnane and THC in artificial urine using 

ZipTip as pretreatment, after our platform has been proved to successfully facilitate 

pregnane and THC close to particle surface for SERS analysis in chapter 3. The PLS 

analyses results show that molecular fingerprints across the entire spectral window can be 

converted into quantifiable SERS readouts and observed the minor changes in metabolite 

concentrations at 0.1 nM levels from artificial urine sample within 30 minutes. Furthermore, 

we performed a case-control study by quantifying pregnane/THC ratio in real urine samples 

from 40 patients who are presenting symptoms of threatened miscarriage. Our strategy can 

potentially be used for different kind of diseases analysis in many clinical settings and is 

especially useful for small volume samples such tears or sputum.   
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Lastly, in chapter 5, we further exploit the confine-and-capture strategy for different 

structural variants analysis. The multiple analytes and probe molecular states enables the 

formation of diversified molecular complexes with different configurations, thus 

intensifying the specific SERS fingerprints over varied analytes. Importantly, the 

combination of SERS and chemometric analysis demonstrate a clear discrimination of a 

series of chondroitin sulfate disaccharide with different sulfate substitution position. Such 

discrimination is rapid and accurate, and is greatly superior to conventional detection 

techniques. Thus, these results show that the purpose of each chapter is linked back to the 

aim and objective, whereby through strategic platform design and selection of different 

probes, we have overcome the challenges of using SERS in biomolecules detection. 

6.2 Future work 

In this thesis, we have demonstrated an efficient detection strategy to significantly 

boost the SERS performance and applicability via confine-and-capture for small molecule 

detection through the specific probe molecule. However, research efforts should be 

continued and maintained to further explore and drive the development of our SERS 

detection technique toward real life sensing applications such as on-site detection for clinic 

diagnosis.1-3 While several probe molecules have been incorporated with various types of 

plasmonic platforms to achieve high sensitivity, many of these sensors are in their infancy 

stage and are still performed under controlled laboratory conditions. Therefore, we identify 

two directions of SERS substrate design which show promising potential and discuss 

possible future works. 

Firstly, SERS detection for small molecules with low Raman scattering cross sections 

usually using direct or indirect using probe molecule. The vibrational fingerprints from the 

direct detection are usually insignificant and difficult in achieving low detection limit. On 

the contrary, the indirect detection method enables delivery of the analytes information 
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through the probe vibrational band changes and achieves detection of analytes with very 

low detection limit.4-8 Even though we demonstrate the possibility of SERS as a detection 

technique for small and significant molecules, the unitary probe molecule is insufficient to 

provide a comprehensive and specific fingerprinting information from the targets, 

especially in a complex biofluid for multiplex detection.6-8 This will result in non-clear 

discrimination between multiple analytes, especially for structural analogues, in complex 

biological context.  

In this aspect, to achieve multiplex detection with high accuracy, we anticipate the 

incorporation of increased surface sensing probe molecules into our detection system which 

is able to perform a fully deconvolution of our biofluid.9 One of the key challenges in this 

detection strategy is that current probe selection for SERS is limited to a few molecules 

only (MPBA, MPY, MBA etc.). To select suitable probe molecules, we must look into the 

biofluid to study the structure of our interest. For example, in chapter 3, MPBA-based SERS 

reporter have been comprehensively studied that phenylboronic acid molecule can form 

boronic easter bond with hydroxy group which shows highly sensitivity and selectivity. 

However, there are numerous hydroxy containing molecules presented in our urine sample 

which may also create interference and exhibit competition between each of molecule that 

may further affect the sensitivity and selectivity. In addition, using a single probe molecule 

only can provide the interactions with single analyte functional group which can merely 

describe partial profile of the analyte chemical structure.  To achieve high SERS sensitivity 

and accuracy for the bioanalysis, we will explore various types of probe molecules for 

sample analyte to create multiple types of vibrational changes. Furthermore, principal 

component analysis (PCA), partial least squares discriminant analysis (PLSDA), and 

machine-learning models such as support vector regression (SVR), will be used to extract 

useful data from the massive multivariate data in a fast and accurate manner.10-13 Moreover, 
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the chemometric analysis can aid the analysis once we include different types of probe 

molecules to construct a prediction model according to the purpose of each detection. We 

will construct a SERS superprofile by combination the SERS spectra horizontally, whereby 

it will include all spectral variations arising from each of analyte with individual probe for 

data analysis.9 This method can provide us high dimensionality of input data which can 

allow us to achieve comprehensive study. This strategy allows us to leverage the useful 

vibrational information from the whole spectra, resulting in high selectivity and accuracy.  

Another future direction to improve our detection system is the substrate design and 

fabrication. To achieve the real-life application, the fabrication cost and how robust our 

device is may affect the practical application. Silicon wafer or glass slides are usually used 

in lab for detection application due to the versatility and resistance to organic solvents.  

However, silicon wafer is difficult to handle owing to its brittleness and toxic substances 

are produced during the manufacturing which doesn’t make it easy to use as a detection kit 

for real life application. In addition, the cost of silicon wafer is much higher than other 

materials which make it become unattractive for real-life application.  On the other hand, 

plastic, polystyrene, or poly-methyl methacrylate (PMMA), are the materials that have been 

used for fabricating the detection kit, since they are inert, biocompatible and they can adapt 

mass manufacturing process.14-16 In addition, by translating our detection technique onto 

plastic substrates, we can potentially integrate our sensor into a wearable device which can 

expand the opportunities for noninvasive monitoring of physiological status, the status of 

disease and pathogen detection etc.17-19 
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