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ABSTRACT: Colloidal-based surface-enhanced Raman scattering (SERS) is a complex technique, where interaction
between multiple parameters, such as colloid type, its
concentration, and aggregating agent, is poorly understood.
As a result SERS has so far achieved limited reproducibility.
Therefore the aim of this study was to improve enhancement
and reproducibility in SERS, and to achieve this, we have
developed a multiobjective evolutionary algorithm (MOEA)
based on Pareto optimality. In this MOEA approach, we tested
a combination of ﬁve diﬀerent colloids with six diﬀerent
aggregating agents, and a wide range of concentrations for
both were explored; in addition we included in the
optimization process three laser excitation wavelengths. For this optimization of experimental conditions for SERS, we chose
the β-adrenergic blocker drug propranolol as the target analyte. The objective functions chosen suitable for this multiobjective
problem were the ratio between the full width at half-maximum and the half-maximum intensity for enhancement and correlation
coeﬃcient for reproducibility. To analyze a full search of all the experimental conditions, 7785 experiments would have to be
performed empirically; however, we demonstrated the search for acceptable experimental conditions of SERS can be achieved
using only 4% of these possible experiments. The MOEA identiﬁed several experimental conditions for each objective which
allowed a limit of detection of 2.36 ng/mL (7.97 nM) propranolol, and this is signiﬁcantly lower (>25 times) than previous SERS
studies aimed at detecting this β-blocker.

S

suboptimal enhancements. Developing the experimental
conditions to determine the best substrate for an individual
analyte and the ability to be able to predict the analytical
performance of any substrate is the way forward in improving
the reliability of SERS.9 While studies have been carried out
which have investigated the eﬀects of experimental set up on
the SERS response,10,11 more attention is required to address
the reproducible optimization of experimental conditions as
there has not been suﬃcient work done to tackle this problem.
As a step toward this Jarvis et al. carried out studies on the
optimization of SERS using L-cysteine as the target analyte and
investigated three diﬀerent silver colloids and six diﬀerent
aggregating agents. Using PESA-II, an evolutionary algorithm,
these authors concluded that optimizing the experimental
conditions of SERS is possible with the minimum amount of
experiments by implementing a computational approach.12
Moving forward from these studies further parameters need to
be included in the optimization process, such as metal type (Au
vs Ag), aggregating agent, concentration of colloid and
aggregating agent in the ﬁnal solution, as well as the laser

urface enhanced Raman scattering (SERS) is a spectroscopic technique with signiﬁcant advantages for discriminative and sensitive detection of molecules adsorbed onto or in
very close proximity to nanoscale roughened metal surfaces,
which results in a large enhancement of the Raman signal by
typically 104−106.1−4 The Raman modes that are perpendicular
to the metal surface give rise to the largest enhancement which
gives the potential of determining the orientation of the
molecule and which functional groups are involved in
adsorption.5 However, colloidal SERS, which is widely used
across a variety of disciplines, faces a major challenge in that
one needs to ﬁnd the optimal experimental conditions to realize
the largest reproducible enhancement. Inconsistencies occur in
SERS spectra due to the nature of unpredictable colloidal
behavior which can result from variability in particle size and
morphology and even small diﬀerences in independent sample
preparation.6 Furthermore, localized diﬀerences can also occur
in the SERS spectra inﬂuenced by the choice of metal in the
colloid preparation, the selection of aggregating agent, the
relative concentrations of the colloid and aggregating agent in
the ﬁnal mixture, as well as the choice of laser excitation
wavelength. The primary interest for improving colloidal SERS
is the development of a more uniform substrate;7,8 however, the
importance lies more in the experimental set up rather than the
reliance on a single speciﬁc colloid, which could still lead to
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propranolol, used to treat hypertension and the only drug
proven eﬀective for the prophylaxis of migraines in children,32
has been chosen as the model system for the evolution of new
experimental protocols in which to assess the robustness of the
MOEA for enhanced SERS. A stock solution of 8.79 × 10−4 M
propranolol was prepared, ﬁve diﬀerent colloid types were
synthesized as described above and six 0.500 M stock solution
of the following aggregating agents were also prepared: NaCl,
KCl, K2SO4, Na2SO4, KNO3, and MgSO4. Samples were
prepared to the total volume of 1 mL in 1 mL clear glass
sampling vials with the concentrations in the ﬁnal mixture
being: colloidal sol 10−90% v/v, aggregating agent solution 0−
10% v/v, and propranolol solution 4.39 × 10−5 M (5% v/v).
Empirically, using a full factorial study would take ∼8 months
(∼50 experiments per day performed in triplicate) to search the
true landscape fully (6 salts × 10 (nonzero) concentrations × 5
colloidal sols × 9 concentrations × 3 wavelengths plus
adjustments for combinations with no salt and combinations
that exceed 1 mL = 7785 experiments). Therefore, we have
reﬁned our study and for the purpose of training the MOEA
based upon practical laboratory constraints we have chosen a
fractional factorial design (FFD) of experiments33 to determine
which experiments should be physically performed in the lab.
On the basis of this FFD, 315 experiments (7 days of analysis)
were selected to be performed, assessed and subsequently serve
as a test search space to train the MOEA (see Table S1 in
Supporting Information for the experimental conditions and
Figure S2 for a full summary of the MOEA workﬂow). We then
sorted the top 35 experiments by peak intensity for each
instrument (105 experiments) and performed these experiments in triplicate in the laboratory. The MOEA then ran the
solutions obtained from the 105 experiments in order to show
that the MOEA would ﬁnd solutions on the Pareto front and
allow the trained MOEA to suggest new solutions automatically
that were diﬀerent from the 315 solutions used to train the
model. It is important to stress that the solutions suggested by
the trained MOEA model are designed by the algorithm alone
without any human interference. These proposed solutions
were later physically performed in the lab and the results show
that they are also in the Pareto front. Therefore, the MOEA can
be used to design automatically and independently new and
feasible experimental conditions satisfying Pareto optimality or
at least acceptable for the decision maker.
Determining the Fitness Function. As there are two
objectives to be satisﬁed in this research, selection was based on
the Pareto optimality where MOPs are concerned with decision
vectors that satisfy constraints and optimize a vector function
whose elements represent the multiple (in our case 2) objective
functions. A solution is achieved when each objective is
optimized to the extent that is acceptable to the decision maker
and without other objectives suﬀering as a result of this process
if further optimization were to take place14,34 (see Figure S3
Supporting Information). This is termed the Pareto Optimal
Front.
There are two main objectives toward the optimization of
SERS: (1) spectral intensity to maximum (maximize RFWHM)
and (2) reproducibility of peak enhancement to maximum
(maximize Rep (ek)) which are discussed below:
Objective 1. As a measure of spectral intensity the ratio
between the full width at half-maximum and half-maximum
(RFWHM) value was chosen, which is expressed mathematically as

excitation wavelength. As the number of parameters increases
so does the number of experiments that would need to be
performed in order to optimize colloidal SERS systems by
empirical means. In addition, one usually wants to optimize
more than one function (so-called multiobjective problems
(MOPs)), and for SERS the most relevant are reproducibility
and enhancement and there is often a play oﬀ between the two
objectives.
Multiobjective Evolutionary Algorithm. Heuristic evolution computational methods are used to speed up the process
of problem solving where an exhaustive search is impractical.13
For MOPs, we have therefore developed a multiobjective
evolutionary algorithm (MOEA) based on the Pareto front,
which was originally proposed by Francis Edgeworth in 1881
and later generalized by Vilfredo Pareto in 1896,14,15 and
MOEAs provide fast and eﬀective approximations in the major
challenge of achieving improvement in spectral reproducibility
and enhancement factors. We have applied the MOEA to
optimize the experimental parameters of colloidal SERS for
propranolol, a lipophilic β-blocker. MOEAs have been used in
previous applications toward experimental optimization, see
16−18. The concept underlying this approach is that the
MOEA will approximate the best available values of the
objective functions; in the case of the desired experimental
outcome for SERS, the MOP is to ﬁnd a feasible solution that
maximizes both reproducibility and enhancement of the SERS
signal. In this work the evolutionary algorithm used is a
multiobjective genetic algorithm.19 The MOEA mimics the
process of natural evolution20 through an iterative process
which evolves toward better solutions where the experimental
data are evaluated for the objectives given. The evolution
process starts from a population of randomly generated
individuals for which the ﬁtness of each individual is evaluated;
several individuals are then stochastically selected from the
current population (with the ﬁttest individuals having higher
probability of being selected) and through the processes of
crossover, mutation and survival of the ﬁttest a new population
is formed from the ﬁttest individuals, determined from a ﬁtness
function that assesses the robustness of the model proposed by
each individual. A new solution is created during each loop of a
genetic algorithm (GA) until a new population has been
created. The new population is then used in the next iteration
where the GA will either repeat the process until a solution with
a predetermined level of quality is found or when the maximum
number of generations has been reached.21

■

MATERIALS AND METHODS
Colloid Preparation and Instrumentation. Five diﬀerent
colloids were prepared including: reduction of AgNO3 or
HAuCl4 by citrate ions, reduction of AgNO3 or HAuCl4 by
borohydride ions, and reduction of AgNO3 by hydroxylamine
ions; all methods are available in Supporting Information. All of
the colloids were measured to determine their average particle
size using Nanoparticle Tracking Analysis (NTA), version 2.0,
test version build 025222 (see Figure S1 in the Supporting
Information for results).
Four diﬀerent instruments with three diﬀerent excitation
laser wavelengths, including 785, 633, and 532 nm, were used
during the course of the study (see Supporting Information).
Experimental Design. Interest in the ﬁeld of bioanalytics,
which involves quantitative measurements of drugs and their
metabolites and endogenous substances in biological molecules
for SERS, has increased over the years.23−31 The β-blocker
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multiplicative scatter correction (EMSC)39 process was applied
as a ﬁlter which removes unavoidable variance within the
spectra. The EMSC method has originally been developed to
reduce the disturbing eﬀect of light-scattering, small particles
scatter light more than larger ones,40 and we have found this
method very eﬃcient for removing unavoidable baseline shifts.
This type of normalization takes the information registered in
the spectra and attempts to separate physical light-scattering
eﬀects from the actual light absorbed by molecules.39
Our experiments involved three diﬀerent laser excitation
wavelengths (instruments) and each of these instruments is
likely to generate diﬀerent signal intensities even for identical
experiments. Therefore, as an attempt to make the direct
comparison of spectra obtained by these three instruments as
fair as possible, the following normalization process was applied
before the computation of the RFWHM. All spectra coming
from instrument 1 are normalized so that the minimum
intensity value is equal to 0 and the maximum intensity value is
equal to 1. The same process is individually repeated for the
other instruments. This [0, 1] normalization ensures that the
maximum and minimum intensity values will be similar over all
instruments and that sharper peaks will tend to produce better
RFWHM values than broader ones.
Other methods to measure spectral intensity, such as scaling
to laser power, were considered and thus discounted as being
unreliable (see Supporting Information).
Objective 2. As a measure of reproducibility the average of
the Pearson’s correlation coeﬃcient (eq 2) was implemented
across the three replicated spectra for each condition. Pearson
correlation (r) is an indication of the strength of linear
relationship between two variables and can take any value
between −1 and 1, thus, larger r values such as 0.73 indicate
stronger relationships between the variables.

(1)

where a and b represent the half-maximum and the full width at
half-maximum values of the peak respectively (see Figure 1A
for an illustration).

Figure 1. Assessment of SERS enhancement. This objective is based
on (A) ratio full width at half-maximum (RFWHM) computation
applied to individual SERS spectra; (B) the molecular structure of
propranolol highlighting the Raman band at 1375 cm−1 from the
naphthalene ring stretch of propranolol that was assessed using
RFWHM in (A) for optimization.

Rep(ek) =

⎛
1 ⎜ cov(ek1 , ek 2)
+
3 ⎜⎝ var(ek1)var(ek 2)
+

The reason why we chose the RFWHM as the key indicator
of optimized intensity is 3-fold: ﬁrst, we are simultaneously
analyzing spectra collected by three diﬀerent instruments, 3
laser excitation wavelengths, and even for identical samples the
spectral intensity is expected to vary between these instruments.
Second, in an attempt to minimize the spectral intensity
diﬀerences between the 3 instruments, before performing the
analysis we normalized all spectra to have a minimum value of
zero and a maximum value of one, [0, 1] normalization. Third,
we want to highlight indicators of good enhancement eﬀect and
sharper peaks should be favored over broader ones of identical
intensity and this will be directly detected by the RFWHM
method. In addition, on our preliminary tests the RFWHM
method produced better results than traditional measurement
methods such as direct peak intensity or integrated area under
peak.
RFWHM has been used for determining characteristics of
Raman bands previously.35−37 The peak used for the
computation of RFWHM value was between the spectral
range 1367−1407 cm−1, which covers the spectral region for
the well-deﬁned naphthalene ring stretch of propranolol (See
Figure 1B) which is observed with center ∼1375 cm−1.38 In
order to take into account scattering and chemical variability
within the spectra and compare the results fairly an extended

⎞
⎟
⎟
var(ek 2)var(ek 3) ⎠

cov(ek1 , ek 3)
var(ek1)var(ek 3)

cov(ek 2 , ek 3)

(2)

where Rep(ek) represents the reproducibility ﬁtness function,
ek1, ek2, and ek3 represent replicates 1, 2, and 3 of a particular
experiment, ek and var(eki) represents the variance of experiment eki (i varies from 1 to the total number of unique
combinations of experiments tested).
All calculations were performed in R, version 2.13.1 (2011):
A language and environment for statistical computing (R
Foundation for Statistical Computing, Vienna, Austria). The
scripts for the MOEA were developed in-house and are
available from the authors on request.

■

RESULTS AND DISCUSSION
The objective functions are weighted equally because of the
importance of realizing that the optimal conditions for one
objective may not be the optimal conditions for the other
objective. Thus, the MOEA selects nondominated solutions
that sit on the Pareto (optimal) front (see Supporting
Information Figure S3). By selecting nondominated solutions
the MOEA can explore the Pareto front in considerably less
time and with fewer experiments than if a full factorial study
was undertaken. For this research a full factorial study would
have consisted of nearly 8 × 103 experiments, and as we shall
7901
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Figure 2. Workﬂow of the genetic algorithm (GA) approach. The procedure continues to evolve until the population converges or when a maximum
number of 100 iterations is reached. After this the optimized population is analyzed using SERS.

Figure 3. Pareto optimal solutions for enhanced SERS detection of propranolol. The solutions in ﬁlled circles are those that are highlighted in the
box and represent SERS solutions that are located on the Pareto front.

report, we have only had to perform 315 experiments in total
(plus 8 experiments suggested by the MOEA to validate the
model), thus reducing the total number of required experiments by 96%.
MOEA Parameter Optimization. The purpose of the
research was to maximize two objective functions (namely,
reproducibility and enhancement) for the optimization of SERS
for the detection and hence quantiﬁcation of propranolol. The
operating parameters of the MOEA can greatly aﬀect the
performance of the algorithm and for this reason to develop the
MOEA several parameters need to be adjusted to demonstrate
the optimal ability of the MOEA. To determine the values of
the parameters, the MOEA was run several times using the
fractional factorial design of experiments (315 solutions) with
the target analyte propranolol. The values tested were initial

population, 100−1000, crossover probability 50−100%, and
mutation probability 0−0.05. Comparing the performance of
the MOEA with diﬀerent values for the operating parameters
gives us the ability to estimate the best experimental conditions
in optimizing SERS for propranolol. Our empirical tests
showed that the parameters that produced the best performance for the MOEA were as follows: the initial population was
ﬁxed at 100, as the solution necessitates extensive search the
initial population calls for a population large enough to do this,
the probability of crossover was ﬁxed at 1 (100%), without the
crossover operator the oﬀspring would be replicates of the
parents and the mutation rate was ﬁxed at 0.01, the mutation
probability optimum value is not as critical when the crossover
operator is used and is considered as the secondary
operator.41,42 On each of the MOEA runs, particular care has
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Figure 4. Examples of observed results from the Pareto optimal front (samples identiﬁed in Figure 3). Experiments 227, 303, and 304 demonstrate
greatly improved enhancement with less reproducibility than experiments 314 and 249. Experiments 227 and 303 sit in the middle of the Pareto
front and are acceptable solutions when considering both ﬁtness functions.

that were similar to the results observed on the Pareto front
(see Supporting Information Figure S4 and Table S4) and the
results corresponded very favorably to the results observed on
the Pareto front. With this consideration the results that are
presented in the middle of the Pareto front give an acceptable
compromise for both ﬁtness functions when determining which
experimental conditions are optimal toward the optimization of
SERS for propranolol. The experimental conditions, RFWHM
and reproducibility values for the results on the Pareto front are
shown in Table S4 (see Supporting Information).
Extensive spectra were collected for propranolol during this
study where several diﬀerent experimental conditions were
applied. Observable patterns were noted: hydroxylamine
reduction of AgNO3 with a sulfate aggregating agent produced
improved results for reproducibility and citrate reduction of
HAuCl4 with a sulfate aggregating agent produced improved
results for intensity enhancement. However, citrate reduction of
HAuCl4 with a chloride aggregating agent had the tendency to
produce results in the middle of the Pareto front, which were
the acceptable trade-oﬀ results for the two ﬁtness functions (see
Figure 3). The laser excitation wavelength that produced the
best overall results was 785 nm. As to why the diﬀerent
experimental conditions produce diﬀerent results we cannot say
as the chemistry of colloids is extremely complex and thus too
diﬃcult to model accurately. Moreover, the interaction between
aggregating agents, metal surfaces and analytes will impact
upon the conformation of propranolol with respect to the
colloid surface. A further observable trend that was noted
during the study is that samples prepared without an
aggregating agent can produce results that diﬀer considerably
from sample to sample apart from samples prepared using
citrate reduction of HAuCl4 which appear to produce
consistent results (see Supporting Information Figure S5),
with a large enhancement, although the intensity value can vary
by up to 1 order of magnitude.
Limit of Detection. A signiﬁcant application of SERS
relates to the practical limit of detection (LOD) and thus the
usable quantitative detection of the propranolol analyte. The

been taken to generate the 100 individuals for the initial
population so that none of these 100 individuals was already a
Pareto optimal solution. This has been done for two reasons:
(1) to force the MOEA to ﬁnd the Pareto optimal solutions by
its own mechanisms alone and (2) to demonstrate that MOEA
will ﬁnd such solutions. The stopping criterion was either, stop
if convergence reached or after 100 iterations. The overall
evolutionary process is summarized in Figure 2.
Finding the optimal experimental conditions for SERS is a
diﬃcult process and can be very dependent upon chance.
Published literature has demonstrated that although it has been
possible to obtain good quality results these results are not
always reproducible from lab to lab. With the MOEA technique
we have demonstrated that SERS experimental conditions can
be optimized for an analyte in a speedily reliable process,
reducing the empirical process by at least 96%. This ﬁgure
could be reduced further as the MOEA has already been tuned
for the performance of SERS optimization, which reduces the
amount of experiments required through an iterative process of
experiment, evaluation and evolution. Of course the parameters
may have to be retuned for diﬀerent analytes. With a MOEA
approach it is expected the optimization process would proceed
rapidly as we have already demonstrated a considerable
reduction in the amount of required experiments.
SERS Spectra of Propranolol. Triplicate sample experiments for the top 35 solutions of each instrument were
performed (see Supporting Information Table S2) from the
original 315 experimental conditions. The results were
evaluated by the MOEA and Pareto front solutions were
observed (Figure 3). The results demonstrate that there is a
trade-oﬀ when observing superior spectral enhancement at the
detriment of reduced spectral reproducibility and vice versa
(Figure 4). A second generation (with 8 potential SERS
solutions) of new experiments was then automatically
generated by the MOEA without any human interference,
these solutions were outside of the 315 candidate experiments
in the FFD. All the suggested solutions were then performed in
the laboratory in order to evaluate whether they gave results
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have been required by performing a full factorial search and we
have also demonstrated that the solutions on the Pareto front
are reproducible and are 25 times lower in detection limit than
previously published values for this analyte using SERS.
We believe this multiobjective evolutionary algorithm
strategy for experimental design is a signiﬁcant move toward
the optimization of colloidal SERS which are still widely used
for quantitative studies and can be coupled with relatively low
cost portable Raman spectrometers, such as the one used in this
study. We have demonstrated the potential of MOEA to a real
world problem using a lipophilic analyte with important
pharmacological signiﬁcance and have achieved desirable
solutions in a fraction of the time it would have taken using
empirical methods. We have also presented a LOD using results
observed on the Pareto front and detected concentrations that
are well within physiological concentrations. Thus it is our
belief that taking this computational approach forward it will be
possible to optimize experimental conditions of colloidal SERS
for a variety of important analytes.

LOD is deﬁned as the concentration of the analyte that is
required to produce an instrument response that is three times
as large as the standard deviation of the noise level.43 The
experimental conditions observed on the Pareto front for
experiment 303 (90% citrate reduction of HAuCl4 solution, 2%
0.5 M KCL solution, 5% 8.79 × 10−5 M and 3% dH2O) were
used as a starting concentration for LOD measurements. Ten
concentrations were measured between 1300 ng/mL and 0.13
ng/mL (see Figure 5) and the LOD from the linear range (i.e.,
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Figure 5. Peak areas from the naphthalene stretch at 1375 cm−1 for
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where no sol saturation with propranolol has occurred) was
found to be 2.36 ng/mL (7.97 nM), which is well within
physiological concentrations in human blood.44 Moreover this
level is comparable with results from previous studies using gas
chromatographic assays and high performance liquid chromatography.44−47 Previous studies of propranolol using SERS
found the LOD to be 59 ng/mL using citrate reduction of
AgNO3.48 The fact that our LOD is 25-fold lower than this and
within physiologically relevant concentrations demonstrates the
importance of optimizing experimental conditions to achieve
the optimal or near optimal results.
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(38) Rupérez, A.; Laserna, J. J. Anal. Chim. Acta 1996, 335, 87−94.
(39) Martens, H.; Nielsen, P. J.; Engelsen, S. B. Anal. Chem. 2003, 75,
394−404.
(40) Næs, T.; Isaksson, T.; Kowalski, B. Anal. Chem. 1990, 62, 664−
673.
(41) Maynard Smith, J. The Evolution of Sex; Cambridge University
Press: Cambridge, U.K., 1978.
(42) Ochoa, G.; Harvey, I.; Buxton, H. Proceedings of the Eighth
Genetic and Evolutionary Computation Conference GECCO; Morgan
Kaufmann: Orlando, FL, USA, 1999; pp 488−495.
(43) MacDougall, D.; Crummett, W. B. Anal. Chem. 1980, 52 (14),
2242−2249.
(44) Pine, M.; Favrot, L.; Smith, S.; McDonald, K; Chidsey, C. A.
Circulation 1975, 52, 886−893.
(45) Majahan, P.; Grech, E. D.; Pearson, R. M.; Ridgway, E. J.;
Turner, P. Br. J. Clin. Pharmacol. 1984, 18, 849−852.
(46) Mullett, W. M.; Martin, P.; Pawliszyn, J. Anal. Chem. 2001, 73,
2383−2389.
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