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A B S T R A C T   

Nanoparticles derived from a group of uniform materials based on organic salts (nanoGUMBOS) are considered 
promising candidates for protein analysis due to their facile synthesis in aqueous media and high tunability. In 
this study, a phosphonium-erythrosin B-based nanoGUMBOS (i.e., [P4444]2[EB]) was prepared using an 
ultrasound-assisted reprecipitation method, and its ability to discriminate and quantify proteins was evaluated. 
Sonication time (30 s, 5 min, and 15 min) and cyclodextrin templating (α-, 2-HP-β-, and γ-CD) were investigated 
for their effects on discrimination performance of synthesized nanomaterial. Six proteins (albumin, hemoglobin, 
trypsin, catalase, lysozyme, and cytochrome c) with different abundance levels and physicochemical properties 
were selected as target analytes. Absorbance response patterns generated from interactions between [P4444]2[EB] 
nanoGUMBOS and proteins were analyzed using partial least squares discriminant analysis. Percentages of 
correct protein discrimination ranged from 94.6 to 99.6%, with the latter being the best result obtained using 
non-templated nanoGUMBOS formed after 5 min sonication. Under optimized conditions, it was possible to 
discriminate all protein samples with percentages of correct assignments greater than 90% for concentrations as 
low as 2.0 μg mL− 1. The discrimination capability of synthesized nanoGUMBOS was further evaluated using 
mixtures of different ratios of lysozyme, cytochrome c, and hemoglobin. Finally, partial least squares models 
were developed for protein quantification and the best performance was observed for albumin. Results support 
potential use of [P4444]2[EB] nanoGUMBOS in combination with ultraviolet–visible spectroscopy and chemo
metrics for qualitative and quantitative analyses of individual proteins and mixtures of proteins.   

1. Introduction 

Simultaneous analyses of multiple protein biomarkers has been 
recognized as a valuable tool for improving diagnostic accuracy, pre
dicting long-term outcomes, and guiding treatment decisions [1,2]. 
Thus, considerable efforts have been made to develop rapid and sensi
tive methods for detection and quantification of proteins using a mul
tiplexed approach. Mass spectrometry is one of the most widely used 
analytical tools due to the ability to measure hundreds of proteins and 

proteoforms in a small sample volume. Nevertheless, this method re
quires specialized equipment, extensive sample preparation, and highly 
trained technicians [3–5]. Due to simplicity of operation, rapidity, and 
cost-effectiveness, optical sensor arrays have emerged as promising al
ternatives for discrimination of chemically or structurally similar pro
teins, quantification of their levels, and identification of complex 
mixtures [6,7]. These sensing platforms usually consist of a set of 
chemical sensors that interact differently with protein analytes, gener
ating unique response patterns for each. Chemometric tools such as 
principal component analysis (PCA), partial least squares discriminant 
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analysis (PLSDA), and partial least squares (PLS), may then be applied to 
extract relevant information from datasets [8,9]. However, widespread 
use of sensor arrays has been limited by the need for a large number of 
recognition elements as compared to proteins, which leads to high 
sample consumption as well as long acquisition and processing times [7, 
10]. There is a growing demand for simple sensor arrays composed of 
only a few sensing elements and/or single sensor systems, such as those 
that use multiple wavelengths to provide cross-reactive responses to 
proteins [11,12]. 

Various sensing scaffolds have been employed for protein analyses, 
including fluorescent dyes, conjugated polymers, and functionalized 
porphyrins [13–15]. More recently, nanoparticles have attracted 
considerable attention due to their unique optical properties, improved 
photochemical stability, and possibility of surface modification [16,17]. 
Despite these advantages, conventional nanoparticles often involve 
complex synthetic procedures, time-consuming purification steps, as 
well as expensive and hazardous chemicals [18,19]. The simplicity of 
preparation and high tunability of nanoparticles derived from a group of 
uniform materials based on organic salts (nanoGUMBOS) make them 
suitable candidates for detection and discrimination of proteins. Mod
ulation of nanoGUMBOS properties may be achieved by changing the 
cation, anion, and alkyl chain length, thus eliminating the need for se
lective ligands while minimizing toxicity [20,21]. Furthermore, particle 
size may be controlled by simply adjusting experimental parameters 
such as concentration of GUMBOS solution, sonication time, and pres
ence of template [22,23]. This is particularly relevant since it is known 
that size can affect nanoparticle-protein interactions [24,25]. 

In the study reported here, a phosphonium-erythrosin B-based 
nanoGUMBOS (i.e., [P4444]2[EB]) was synthesized using a simple 
ultrasound-assisted reprecipitation method, and its potential to 
discriminate and quantify various protein analytes was examined. The 
impact of sonication time and template choice on nanoGUMBOS size 
and, consequently, on its discriminatory power was assessed by PLSDA. 
Under optimized synthesis conditions, the ability of [P4444]2[EB] 
nanoGUMBOS to discriminate individual proteins at different concen
trations (20.0–0.5 μg mL− 1) and protein mixtures was also examined. 
Moreover, PLS models were developed for protein quantification. 

2. Experimental 

2.1. Reagents and solvents 

Tetrabutylphosphonium bromide ([P4444][Br], 98%); 2′,4′,5′,7′-tet
raiodofluorescein disodium salt ([Na]2[EB], 90%); alpha (α), 2- 

hydroxypropyl-beta (2-HP-β), and gamma (γ) CDs (≥98%); albumin 
(Alb) from human serum; human hemoglobin (Hb); trypsin (Try) from 
porcine pancreas; catalase (Cat) from bovine liver; lysozyme (Lyz) from 
chicken egg white; cytochrome c (Cyt c) from bovine heart; sodium 
phosphate dibasic (Na2HPO4); and sodium phosphate monobasic 
(NaH2PO4) were all obtained from Sigma-Aldrich (St. Louis, MO) and 
used as supplied. Dimethylsulfoxide (DMSO) was purchased from Merck 
KGaA (Darmstadt, Germany). 

Phosphate buffer (10 mmol L− 1, pH 7.4) was obtained by dissolving 
Na2HPO4 and NaH2PO4 in ultrapure water (Milli-Q, 18.2 MΩ cm), and 
used for preparation of protein stock solutions. These solutions (300 μg 
mL− 1) were further diluted in phosphate buffer to obtain concentrations 
ranging from 20.0 to 0.5 μg mL− 1. Details of the synthesis and charac
terization of EB-based GUMBOS can be found in our previous study [26]. 

2.2. Synthesis of nanoGUMBOS 

[P4444]2[EB] nanoGUMBOS were synthesized using an 
ultrasonication-assisted reprecipitation method (Fig. S1) [27]. Briefly, 
200 μL of an 8 mmol L− 1 solution of GUMBOS in DMSO were added to 
9800 μL of ultrapure water with and without CD (1:1 M ratio). The 
mixture was then sonicated using an amplitude of 20% for 30 s, 5 min, 
and 15 min using a Vibra-Cell VCX 130 (Sonics & Materials, Inc., 
Newtown, CT) with a 6 mm diameter tip. Vials were kept in an ice bath 
during the procedure to avoid overheating. 

2.3. Characterization of the synthesized nanoGUMBOS 

Optical properties of [P4444]2[EB] nanoGUMBOS were investigated 
using UV–Vis spectroscopy. Absorbance measurements (300–700 nm) 
were performed on a Jasco V-660 spectrophotometer using a 1 cm 
quartz cuvette. 

The hydrodynamic diameter, polydispersity index (PDI), and zeta 
potential (ZP) of synthesized nanoGUMBOS were determined using 
dynamic and phase analysis light scattering (DLS and PALS, respec
tively) with a ZetaPALS analyzer (Brookhaven Instruments, Holtsville, 
NY). Particle size and ZP measurements were performed at 25 ◦C with a 
detection angle of 90◦ and 15◦, respectively. The number of runs per 
measurement was set to six (each with a duration of 2 min and 10 cycles, 
respectively), and the count rate was kept in the range of 300–500 kcps. 
Results were expressed as the mean ± standard deviation (SD) of three 
batches of nanoGUMBOS. 

Transmission electron microscopy (TEM) analysis was performed to 
further examine the size and shape of [P4444]2[EB] nanoGUMBOS. 

Abbreviations 

Alb Albumin 
Cat Catalase 
CD Cyclodextrin 
α-CD Alpha-cyclodextrin 
2-HP-β-CD 2-Hydroxypropyl-beta-cyclodextrin 
γ-CD Gamma-cyclodextrin 
Cyt c Cytochrome c 
DLS Dynamic light scattering 
DMSO Dimethylsulfoxide 
EB Erythrosin B 
GUMBOS Group of uniform materials based on organic salts 
Hb Hemoglobin 
LV Latent variable 
Lyz Lysozyme 
PALS Phase analysis light scattering 
PCA Principal component analysis 

PDI Polydispersity index 
PLS Partial least squares 
PLSDA Partial least squares discriminant analysis 
P4444 Tetrabutylphosphonium 
RER Range error ratio 
RMSEC Root mean square error of calibration 
RMSECV Root mean square error of cross-validation 
RMSEP Root mean square error of prediction 
R2C Coefficient of determination of calibration 
R2CV Coefficient of determination of cross-validation 
R2P Coefficient of determination of prediction 
SD Standard deviation 
SNV Standard normal variate 
TEM Transmission electron microscopy 
Try Trypsin 
UV–Vis Ultraviolet–visible 
ZP Zeta potential  
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Briefly, an aliquot of 10 μL of nanoGUMBOS dispersion was placed on a 
formvar/carbon film-coated mesh nickel grid (Electron Microscopy 
Sciences, Hatfield, PA) and left standing for 2 min, after which excess 
liquid was removed using filter paper. Images were recorded using a 
JEM-1400 microscope (JEOL Ltd., Tokyo, Japan) operated at 120 kV 
and equipped with a CCD camera Orious 1100 W. Subsequently, the 
diameters of 100 randomly selected nanoGUMBOS were measured using 
ImageJ 1.53e (National Institutes of Health, Bethesda, MD), and data 
were fitted to a Gaussian function for determination of average particle 
size. 

2.4. Evaluation of storage stability 

The stability of [P4444]2[EB] nanoGUMBOS was assessed by moni
toring changes in hydrodynamic diameter and PDI over eight weeks. For 
this study, nanoGUMBOS were stored in the dark at room temperature 
and DLS measurements were performed as described above. 

2.5. Discrimination and quantification of proteins using nanoGUMBOS 

In order to obtain maximum discrimination among proteins, the ef
fect of sonication time and CD template on the discrimination perfor
mance of [P4444]2[EB] nanoGUMBOS was evaluated. Briefly, 20 μL of 
each protein sample (e.g., Alb, Hb, Try, Cat, Lyz, and Cyt c) were added 
to a 96-well microplate containing 80 μL of nanoGUMBOS dispersion 
and 200 μL of phosphate buffer pH 7.4. After a 5 min reaction period, 
UV–Vis spectra (Fig. 1) were recorded from 300 to 700 nm using a 
Cytation 3 imaging reader (BioTek Instruments, Winooski, VT). Protein 
and nanoGUMBOS concentrations were fixed at 20 μg mL− 1 and 4 μmol 
L− 1, respectively. 

Additional studies were performed to investigate the discrimination 
power of synthesized nanoGUMBOS at lower protein concentrations 
(15.0–0.5 μg mL− 1) as well as binary and ternary mixtures of Lyz, Cyt c, 
and Hb (total protein concentration = 6 μg mL− 1). Only [P4444]2[EB] 
nanoGUMBOS formed upon 5 min of sonication and in the absence of CD 
was used since these conditions resulted in better discrimination. The 
experimental procedure used for protein quantification was similar to 
that described above. For each protein, seven replicates were obtained. 

2.6. Data analysis 

Before modeling, all spectra were preprocessed using standard 
normal variate (SNV) [28], and then mean-centered. PLSDA was used to 
discriminate proteins and their mixtures at different concen
trations/ratios, while PLS was used for predicting protein concentra
tions. The entire spectral wavelength range (300–700 nm) was 
considered in the analysis. 

PLSDA is a supervised classification method based on the PLS2 al
gorithm, which relies on prior knowledge of the data set [29,30]. In 
PLSDA, to each known sample (xi, nanoGUMBOS spectra in the presence 
of a single protein) is assigned a vector of zeros with value one at the 
position corresponding to its class (yi, in this study to each protein). The 
structure of the PLSDA model is described by Eqs. (1) and (2). Model 
loadings (P and Q) and corresponding scores (T and U) are obtained by 
sequentially extracting the components or latent variables (LVs) from 
matrices X (spectra) and Y (matrix codifying the proteins).  

X = TPt + E                                                                                  (1)  

Y = UQt + F                                                                                  (2) 

The algorithm correlates the scores of each block (T and U), yielding 
an internal regression matrix. This internal regression can be trans
formed on a regression matrix B. In this case, the regression matrix is 
composed of three vectors: one regression vector corresponding to each 
protein. E and F are the residual matrices and depend on the number of 
LVs selected. Predictions for new samples are obtained by multiplying a 
new spectrum (xnew) by the regression matrix B:  

ynew = xnew B                                                                                 (3) 

The prediction (ynew = [ynew,1, ynew,2, …,ynew,n]) is then converted 
into a class assignment (protein) from which confusion matrices are 
obtained. Before applying PLSDA, 70% of the samples are randomly 
selected to obtain the regression matrix B and 30% are used as new 
samples for prediction. This procedure is repeated 100 times per PLSDA 
model and confusion matrices present the mean values of correct protein 
assignments for the prediction samples. 

During development of PLS models, samples were randomly sepa
rated into two sets: one for calibration + cross-validation (70%) and 
another for prediction (30%). The first set was further divided into a 
70:30 ratio as described for PLSDA models. It is noted that the prediction 
set was totally independent, and never included in the calibration step 
(neither for calibration nor for cross-validation). The accuracy of PLS 
models was evaluated by calculating the coefficient of determination of 
calibration, cross-validation, and prediction (R2C, R2CV, and R2P); the 
root mean square error of calibration, cross-validation, and prediction 
(RMSEC, RMSECV, and RMSEP); and the range error ratio (RER). 

Data preprocessing and modeling were performed in MATLAB 
R2018b (MathWorks, Natick, MA) and PLS Toolbox 8.7 (Eigenvector 
Research, Manson, WA). 

3. Results and discussion 

3.1. Characterization of the synthesized nanoGUMBOS 

Following synthesis, nanoGUMBOS properties were studied using 
UV–Vis spectroscopy, DLS/PALS, and TEM. As shown in Fig. S2, the 
synthesized nanoGUMBOS displayed similar absorption spectra to that 
of [Na]2[EB] (parent dye) with an intense band at 527 nm, a shoulder at 
approximately 487 nm, and a lower intensity band around 310 nm [31, 
32]. Increased absorbance and spectral broadening is attributed to dye 
aggregation within nanoGUMBOS [33,34]. 

The results of particle size and ZP measurements are presented in 
Tables S1 and S2. Hydrodynamic diameters varied from 133 to 238 nm 
depending on sonication time and template choice. For example, tem
plating with 2-HP-β-CD led to a reduction in particle size from 159 to 
139 nm. PDI values were found to be lower than 0.2 for all synthesized 
nanoGUMBOS, indicating that particles are moderately polydisperse 
[35]. Examination of ZP data confirmed formation of highly stable 
nanoparticle dispersions (ZP ≥ − 30 mV) [35]. The negative charge can 
be ascribed to adsorption of EB anion on the surface of nanoGUMBOS 
[22,23]. It is also worth noting that changes in sonication time and CD 
template did not significantly affect ZP, contrary to what was observed 

Fig. 1. Absorbance spectra of [P4444]2[EB] nanoGUMBOS ( ) and [P4444]2[EB] 
nanoGUMBOS in the presence of Alb ( ), Hb ( ), Try ( ), Cat ( ), Lyz ( ), and 
Cyt c ( ). NanoGUMBOS were obtained after 5 min of sonication without CD. 
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for particle size. 
TEM analysis revealed formation of quasi-spherical nanoparticles 

with an average diameter of 119 nm (Fig. S3). As expected, this value is 
lower than that obtained by DLS since it represents the size of nano
particles in dry form [35,36]. It was also found that [P4444]2[EB] 
nanoGUMBOS remain stable for at least three weeks when stored in the 
dark at room temperature (Fig. S4). 

3.2. Experimental optimization 

3.2.1. Sonication time 
The impact of sonication time on the discriminatory power of 

[P4444]2[EB] nanoGUMBOS was evaluated using six proteins, e.g., Alb, 
Hb, Try, Cat, Lyz, and Cyt c at the concentration of 20.0 μg mL− 1. These 
proteins were chosen as target analytes because they differ in abun
dance, hydrophobicity, isoelectric point, and molecular weight 
(Table S3). For example, Alb is the most abundant serum protein 
(normal concentration range = 35–50 mg mL− 1), displays higher surface 
hydrophobicity than Lyz, and has a molecular weight four times smaller 
as compared to Cat [37,38]. However, within this set of proteins, several 
pairs possess similar isoelectric points and molecular weights, which 
constitutes an additional challenge for discrimination of proteins using 
synthesized nanoGUMBOS. 

Three PLSDA models, each corresponding to a single sonication time 
(30 s, 5 min, and 15 min), were developed as previously described in 
section 2.6. All scores maps showed six clusters, each related to a single 
protein, with varying degrees of overlap (Fig. 2). The first three LVs of 
PLSDA models encompassed around 99% of spectral variability and LV1 
(≈90%) seemed to be responsible for discrimination between Hb + Cyt c 
and the remaining proteins. Alb was discriminated from Try, Cat, and 
Lyz on the second LV (LV2: 6–8% of spectral variability), being the last 
three proteins discriminated in different degrees along LV2 and LV3. The 
total percentages of correct protein assignments obtained from confu
sion matrices were: 96.4%–30 s, 99.6%–5 min, and 95.5%–15 min 
(Table 1). Alb, Hb, and Cyt c were 100% correctly predicted for the three 
sonication times. Try, Cat, and Lyz were misidentified mostly among 
each other, with the worst results obtained for 15 min of sonication. 
These findings demonstrate the impact of sonication time on discrimi
nation performance of synthesized nanoGUMBOS. Moreover, surface 
charge, hydrophobicity, and size seem to affect the extent of interaction 
between [P4444]2[EB] nanoGUMBOS and protein analytes. Other studies 
confirm the role that these physicochemical properties play in discrim
ination of proteins [39,40]. The higher affinity of synthesized nano
GUMBOS for positively charged proteins (e.g., Alb and Hb) can be 
explained by its negative surface charge. Although hydrophobic and van 
der Waals interactions may also be involved, electrostatic interactions 
are thought to be the primary parameter responsible for protein 
discrimination [41,42]. Try and Lyz misidentifications can be attributed 
to similarity of their isoelectric points (10.5 versus 11.4). Additionally, 
the large molecular weight of Cat (250.0 kDa) can explain its reduced 
binding efficiency as compared to other positively charged proteins (Alb 
and Hb), and consequently, the lower percentages of correct predictions 
that were obtained [43]. 

3.2.2. CD templating 
After fixing sonication time at 5 min, the ability of [P4444]2[EB] 

nanoGUMBOS to discriminate among proteins was evaluated in the 
presence of three CDs (α, 2-HP-β, and γ). The developed PLSDA models 
(Fig. S5) were quite similar to those obtained during optimization of 
sonication time, with six moderately separated clusters being observed 
(around 99% of spectral variability captured on the first three LVs). The 
corresponding confusion matrices were generated (Table S4) and the 
total percentages of correct protein assignments were shown in Fig. 3. 
Despite the high percentages of correct predictions obtained for all CD- 
templated nanoGUMBOS, the best result was achieved in the absence of 
CDs. Thus, it was decided to proceed with this study using non- 

Fig. 2. Scores plots corresponding to the first three LVs of PLSDA regression 
models developed with UV–Vis spectra for protein discrimination: Alb, Hb, 

Try, Cat, Lyz, and Cyt c. [P4444]2[EB] nanoGUMBOS obtained after 30 s 
(A), 5 min (B), and 15 min (C) of sonication. 
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templated nanoGUMBOS. 

3.3. Discrimination of proteins and their concentrations 

Optimization of sonication time and assessment of impact of CDs on 
discrimination success was performed at a protein concentration of 20.0 
μg mL− 1. Additional studies were performed to evaluate the ability of 
[P4444]2[EB] nanoGUMBOS to distinguish lower concentrations of pro
teins (15.0–0.5 μg mL− 1). For each concentration, a PLSDA model was 
developed (data not shown) and a corresponding confusion matrix was 
obtained (more details in section 2.6). Despite encompassing high 
spectral variability in the first three LVs (≈96–99%), the degree of 
clusters overlapping increased for lower concentrations of proteins. This 
finding was consistent with smaller percentages of correct protein as
signments obtained from confusion matrices (Fig. 4). [P4444]2[EB] 
nanoGUMBOS was able to discriminate between 70 and 80% of the 

protein samples with concentrations of 0.5 and 1.0 μg mL− 1. Addition
ally, there was an improvement in discrimination performance of 
nanoGUMBOS for concentrations higher than 1.0 μg mL− 1 (percentage 
of correct discriminations >90%). Only small fluctuations occurred in 
total percentages of correct protein predictions from 2.0 to 20.0 μg 
mL− 1, with maximum (99.6%) being obtained for the highest concen
tration tested. In fact, this nanoGUMBOS approach produces a very 
satisfactory percentage of correct identifications for lower concentra
tions of proteins as compared to those reported for other sensing systems 
[44–47]. Moreover, it requires only 5 min of reaction time and one 
probe to discriminate among all protein samples. 

Regarding each protein individually (Table 2), Hb and Cyt c seemed 
to be the best predicted in the whole concentration range (percentage of 
correct predictions ≥99% for [Protein] ≥ 2.0 μg mL− 1). Cat was the 
worst predicted (75.3–91.7%), reaching 99.0% of correct prediction 
only for [Protein] = 20.0 μg mL− 1. Alb, Try, and Lyz presented random 
fluctuations in the percentages of correct discriminations across the 
concentration range, being the worst result obtained for Lyz at 1.0 μg 
mL− 1 (52.0%) and the best result found for Alb at the concentration of 
20.0 μg mL− 1 (100% of correct predictions). 

3.4. Discrimination of binary and ternary mixtures of Lyz, Cyt c, and Hb 

The ability of [P4444]2[EB] nanoGUMBOS to discriminate between 
mixtures of Lyz + Cyt c, Lyz + Hb, Cyt c + Hb, and Lyz + Cyt c + Hb was 
also evaluated. For each protein mixture, a PLSDA model was developed 
and scores maps were obtained (Fig. 5). Regarding Lyz + Cyt c, the first 
two LVs of the PLSDA model (Fig. 5A) encompassed 99% of spectral 
variability, being the samples discriminated across LV1. Pure Lyz and 
Cyt c samples were located on opposite sides of the scores map (positive 

Table 1 
Confusion matrices obtained from the PLSDA regression models developed for 
protein discrimination using the [P4444]2[EB] nanoGUMBOS. Models A, B, and C 
correspond to 30 s, 5 min, and 15 min of sonication.  

Model A Alb Hb Try Cat Lyz Cyt c  

Alb 16.67 0 0 0 0 0 – 
Hb 0 16.67 0 0 0 0 – 
Try 0 0 14.50 0.56 1.61 0 – 
Cat 0 0 0.72 15.94 0 0 – 
Lyz 0 0 0.11 0.56 16.00 0 – 
Cyt c 0 0 0 0 0 16.67 – 

Correct protein discrimination (%) 96.4 

Model B Alb Hb Try Cat Lyz Cyt c  

Alb 16.67 0 0 0 0 0 – 
Hb 0 16.67 0 0 0 0 – 
Try 0 0 16.61 0.06 0 0 – 
Cat 0.11 0 0.06 16.50 0 0 – 
Lyz 0.11 0 0 0.06 16.50 0 – 
Cyt c 0 0 0 0 0 16.67 – 

Correct protein discrimination (%) 99.6 

Model C Alb Hb Try Cat Lyz Cyt c  

Alb 16.67 0 0 0 0 0 – 
Hb 0 16.67 0 0 0 0 – 
Try 0 0 15.56 0.61 0.50 0 – 
Cat 0 0 3.22 13.39 0.06 0 – 
Lyz 0 0 0.06 0.06 16.56 0 – 
Cyt c 0 0 0 0 0 16.67 – 

Correct protein discrimination (%) 95.5  

Fig. 3. Total percentages of correct protein discrimination obtained with the 
[P4444]2[EB] nanoGUMBOS synthesized in the absence and presence of three 
CDs (α, 2-HP-β, and γ). 

Fig. 4. Total percentages of correct protein assignments obtained with the 
[P4444]2[EB] nanoGUMBOS at various protein concentrations. 

Table 2 
Percentages of correct predictions (%) for different concentrations of proteins 
obtained from the confusion matrices of PLSDA regression models.  

[Protein] (μg mL− 1) Correct protein predictions (%) 

Alb Hb Try Cat Lyz Cyt c 

0.5 62.0 70.0 76.3 76.7 65.3 74.0 
1.0 70.7 83.0 99.0 75.3 52.0 73.7 
2.0 91.3 98.7 99.0 80.7 89.7 100.0 
4.0 97.0 100.0 74.3 79.3 96.7 100.0 
6.0 99.0 100.0 93.7 79.0 100.0 100.0 
8.0 100.0 100.0 90.3 88.0 99.3 100.0 
10.0 66.7 100.0 79.3 87.0 86.3 100.0 
15.0 100.0 100.0 93.0 91.7 93.3 100.0 
20.0 100.0 100.0 99.7 99.0 99.0 100.0  
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and negative, respectively), while mixed samples appeared between 
them. It is noted that samples possessing 50% of each protein were 
precisely located in the middle of the scores map (0 of the LV1 axis) and 
that those containing 75% + 25% were closer to the corresponding pure 
protein. This clear separation of samples corroborates previous results 
concerning discrimination of single proteins. Lyz and Cyt c were also 
easily discriminated between each other, appearing on opposite sides of 

the first LV of scores map. Regarding the mixture of Lyz and Hb (Fig. 5B), 
a quite similar result was obtained. Pure samples of Lyz and Hb appeared 
on opposite sides of LV1, with mixed samples located between them 
according to protein ratio. Hb was located near Cyt c in the scores map 
when the six proteins were discriminated simultaneously (Fig. 1B), 
which somehow justifies the similar results of Lyz + Cyt c and Lyz + Hb 
mixtures. In this context, it was decided to evaluate the ability of 
[P4444]2[EB] nanoGUMBOS to discriminate between protein mixtures of 
Hb and Cyt c. The scores plot obtained from the corresponding PLSDA 
model (Fig. 5C) showed considerably overlapped clusters when only the 
first two LVs were used (data not shown). In contrast to previously 
studied mixtures, use of the third LV was mandatory for clusters sepa
ration. Considering the three LVs, it was possible to observe five indi
vidualized clusters, which were located in the scores map according to 
the ratio of proteins in the mixture. Results obtained for this mixture 
were in good agreement with the already mentioned closeness of Hb and 
Cyt c when the six proteins were discriminated simultaneously. An 
additional study was performed to evaluate the behavior of [P4444]2[EB] 
nanoGUMBOS towards a ternary mixture of Lyz, Cyt c, and Hb (1:1:1, 
Fig. 5D). The scores map of the PLSDA model confirmed conclusions 
noted above. Separation of pure samples of Lyz, Cyt c, and Hb was 
observed in the first LV, confirming the high structural similarity be
tween Cyt c and Hb previously reported in the literature [48]. Moreover, 
50:50 mixtures of these proteins were located in the scores map near the 
middle of pure samples. Regarding the ternary mixture (Lyz:Cyt c:Hb), 
samples were not in a central position between pure proteins (Fig. 5D). 
They seemed to be quite closer to pure Hb and Cyt c samples, and more 
separate from Lyz. However, this location in the scores map was ex
pected since two pure samples (Hb and Cyt c) appeared on the negative 
side of LV1, while only one (Lyz) was located on the positive side. 

3.5. Protein quantitative analysis 

Regarding protein discrimination using [P4444]2[EB] nanoGUMBOS, 
a very satisfactory percentage of correct assignments (>90%) was ach
ieved for concentrations ranging from 2.0 to 20.0 μg mL− 1. Therefore, it 
was decided to evaluate the ability of this nanoGUMBOS to quantify 
each protein separately in the mentioned concentration range. Six PLS 
models (one for each protein) were developed, being the number of LVs 
selected from the RMSECV plots (Fig. S6, A–F). The figures of merit 
obtained are presented in Table 3. Overall, the PLS model developed for 
Alb quantification provided the best performance. Despite having a 
slightly higher RMSEC than Try (6.5 versus 4.5%), the corresponding 
RMSECV was the lowest in this study (7.8%). The R2C and R2CV ob
tained for Alb were also the highest ones (0.99 for both). In contrast, the 
PLS model developed for Cat quantification showed the worst perfor
mance with a RMSEC of 10.4% (R2C = 0.97) and a RMSECV of 26.8% 
(R2CV = 0.83). The remaining four proteins presented intermediate 
RMSEC values (Hb = 9.8%, Try = 4.5%, Lyz = 7.3%, and Cyt c = 8.2%) 
and very good calibration coefficients of determination (0.98–0.99). 
Additionally, the errors of cross-validation set (RMSECV) were lower 
than those obtained for calibration (Hb = 18.5%, Try = 16.0%, Lyz =
14.3%, and Cyt c = 19.3%), with R2CV ranging from 0.91 to 0.94. All 
PLS models developed were validated using an independent set of 
samples (the prediction set P), which was randomly selected from initial 
data and never used in the calibration or cross-validation steps. This set 
of samples further allowed testing of the robustness of the PLS models. 
Although coefficients of determination obtained for the prediction set 
were quite good (0.88–0.97); for Cat, the value was only 0.78. Root 
mean square errors were quite variable and followed a similar trend to 
that observed for the cross-validation set (8.9–28.1%), being the best 
performance achieved for quantification of Alb. Regarding RER, the 
worst results were obtained for Hb and Cat (below 10). For Try, Lyz, and 
Cyt c, 15 > RER ≥10, suggesting that the developed models are suitable 
for calibration and quality control. The RER value obtained for Alb was 
21.6, indicating that the model is appropriate for quantification (RER 

Fig. 5. Scores plots of PLSDA regression models developed with UV–Vis spectra 
of [P4444]2[EB] nanoGUMBOS incubated with mixtures of (A) Lyz and Cyt c; (B) 
Lyz and Hb; (C) Cyt c and Hb; and (D) Lyz, Cyt c, and Hb. Legend: 100% Lyz; 

100% Cyt c; 100% Hb; 75% Lyz +25% Cyt c; 50% Lyz +50% Cyt c; 
25% Lyz +75% Cyt c; 25% Lyz +75% Hb; 50% Lyz +50% Hb; 75% Lyz 
+25% Hb; 50% Cyt c + 50% Hb; 75% Cyt c + 25% Hb; 75% Cyt c + 25% 
Hb; 1:1:1, Lyz:Cyt c:Hb. 
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≥15) [49]. 

4. Conclusions 

This study focused on development of an alternative strategy to 
discriminate and quantify proteins. A phosphonium-erythrosin B-based 
nanoGUMBOS was synthesized using a simple reprecipitation method 
and its discrimination performance was optimized by varying sonication 
time (30 s–15 min) and CD template (α, 2-HP-β, or γ). The percentages of 
correct protein assignments varied from 94.6 to 99.6%, with best results 
obtained when sonication time was set to 5 min and using no template. 
Under these conditions, it was possible to discriminate proteins at 
various concentrations (from 20.0 to 2.0 μg mL− 1) and distinguish be
tween mixtures of Lyz, Cyt c, and Hb at different proportions (25% +
50%, 50% + 50%, 75% + 25%, and 1:1:1). Regarding protein quanti
fication, the models developed for Alb and Cat showed the best and 
worst performance, respectively. The PLS model obtained for Alb (RER 
= 21.6) proved also to be suitable for quantification purposes, while 
those developed for Try, Lyz, and Cyt c seemed to be appropriate for 
calibration and quality control (15 > RER ≥10). Overall, the obtained 
results demonstrated that the proposed strategy holds great promise for 
rapid discrimination of single proteins and their mixtures at different 
concentrations/ratios as well as quantification of Alb. Moreover, this 
approach is label-free, requires only one probe to discriminate all pro
tein samples, and involves use of small volumes of reagents, which make 
this strategy attractive for high-throughput applications. Future studies 
include analysis of other proteins of interest and biofluids such as blood 
and urine. 
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