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In many applications, the optimization of material properties is
a fundamental process for the development and enhancement

of new and existing technology. Material optimization is often a
nontrivial process as materials scientists have to deal with multi-
variable multiresponse systems. In general, to optimize a system
with multiple parameters it is necessary to perform experiments
varying all of the variables simultaneously.1 Despite this, the one-
factor-at-a-time (OFAT) approach is the most commonly used
in scientific and industrial practice. OFAT varies only one
variable (factor) at a time keeping the others fixed.2 Many
scientists and engineers perform OFAT experiments because a
trend in the response can be easily detected and related to
changes in the compositional variables’ values.3 OFAT experi-
ments are typically outperformed by techniques belonging to
the field of the design of experiments (DOE).1 However,
standard DOE methods are often not suitable for the complexity
that arises in material studies because chemical systems typically
involve multiple responses, multiple interrelated variables,

expensive experiments, and time-consuming material character-
ization procedures.4

In such a context, multiobjective evolutionary computing
methods have emerged as successful for analytical technique
optimization.5 Promising results have also been achieved through
the use of model-based methods6�8 which approximate the
unknown variable-response relations of the system, predict the
response values at uninvestigated points and, eventually, suggest
new experiments. Approximating models are typically assumed
to be correct;9 however, since real-world problems are often
characterized by high dimensionality and lack of data, a suffi-
ciently accurate model can be difficult to obtain. As a conse-
quence, convergence to false optima may occur.10 To overcome
this drawback, Jin et al.10 introduced the concept of evolution
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ABSTRACT: In industry as well as many areas of scientific research, data collected often
contain a number of responses of interest for a chosen set of exploratory variables.
Optimization of such multivariable multiresponse systems is a challenge well suited to
genetic algorithms as global optimization tools. One such example is the optimization of
coating surfaces with the required absolute and relative sensitivity for detecting analytes
using devices such as sensor arrays. High-throughput synthesis and screening methods
can be used to accelerate materials discovery and optimization; however, an important practical consideration for successful
optimization of materials for arrays and other applications is the ability to generate adequate information from a minimum number
of experiments. Here we present a case study to evaluate the efficiency of a novel evolutionary model-based multiresponse approach
(EMMA) that enables the optimization of a coating whileminimizing the number of experiments. EMMAplans the experiments and
simultaneously models the material properties. We illustrate this novel procedure for materials optimization by testing the algorithm
on a sol�gel synthetic route for production and optimization of a well studied amino-methyl-silane coating. The response variables
of the coating have been optimized based on application criteria for micro- andmacro-array surfaces. Spotting performance has been
monitored using a fluorescent dye molecule for demonstration purposes and measured using a laser scanner. Optimization is
achieved by exploring less than 2% of the possible experiments, resulting in identification of the most influential compositional
variables. Use of EMMA to optimize control factors of a product or process is illustrated, and the proposed approach is shown to be a
promising tool for simultaneously optimizing and modeling multivariable multiresponse systems.
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control which can include the measurement of the response values
through practical experimentation, thus avoiding total reliance
on the response values estimated by the approximating model.

In this work, we present a pioneering method, named evolu-
tionary model-based multiresponse approach (EMMA). It employs
a bioinspired evolutionary computation procedure (particle
swarm optimization, PSO11,12), a statistical model (multivariate
adaptive regression splines, MARS13), and an evolution control
strategy. The PSO and the MARSmodel are used to suggest a set
of new experiments. The collected data are then used to update
the MARS model. The whole procedure is repeated until an
optimal composition is approached, that is until EMMA con-
secutively suggests the same set of variable values. To avoid the
identification of false optima, evolution control is introduced.10

Because of the embedded modeling process, the method has the
ability to identify the most influential variables of the system and
to provide information about their relationships to the responses.

Use of this new method for optimization of a chemical system
is illustrated through a case study in which a sol�gel recipe is
optimized for use as a molecular grafting coating. The chosen
chemical system is one that is well-studied and gives several
feasible settings of the exploratory variables. The coating re-
sponse features that are screened for optimization are chosen
according to well documented application criteria for micro- and
macro-array surfaces as detailed below. Application of the
EMMA method in our case study is shown to provide the
optimal setting of the variables to achieve the multiple response
features simultaneously, thereby optimizing the surface chemis-
try for the chosen coating response features.

The chemical system chosen is an aminosilane recipe because
although this chemical system has been extensively investigated,14

the behavior of the solution and the coating properties are not
precisely predictable. So for the purpose of this case study, this
chemical system presents a valid test bed for the optimization
method. In addition, the importance of amino functionalized
surfaces in a wide range of applications makes this chemical
system attractive for the case study, for example, such surfaces are
important in electrical, electrochemical, and optical sensors,15�18

robotic microhandling,19 biocompatibilization,20 immunoassay,21

biochips,22 biocatalytic systems,23 high density devices,24 facil-
itating agents for metal organic framework nucleation,25 and
perm-selective devices.26,27 In our case study, sol stability is one
of the responses chosen as critical for coating optimization. Rapid
gelation has been shown to have a dramatic effect on coating
properties (homogeneity, grafting capacity, thickness) due to the
influence of the aminosilane on the cross-linking rate of the
siloxane units.28,29 Sol�gel methods that result in reproducible
amino-functionalized films have been reported by several
groups.30�32 In our study, we use the approach presented by
Oh and co-workers32 who prepared dense reproducible amino-
functionalized coatings by adding butyltrimethoxysilane as a
coreactant. Oh et al.32 investigated their surfaces for use in
DNA microarrays. Their study indicated that the surface amine
density is not the sole determining factor for the efficiency of the
array in discriminating the perfectly matched target oligodeox-
ynucleotide from the single mismatched ones. Their results
suggest that coating optimization might be possible based on
controlling spacer linker lengths in order to separate the amino-
groups. Their conclusions prompt an investigation of the con-
trolling factors for coating efficiency in the microarray applica-
tion, making this chemical system and application well-suited for
our case study.

A micro- or macro-array is a small analytical device designed
for fast and precise detection of analytes through binding events
that immobilize interacting elements on a few square micro-
meters. Microarrays have spot sizes <250 μm; macroarrays have
spot sizes >300 μm.33 Such technology employs a glass slide
substrate with targets (biomolecules such as cDNA, oligonucleo-
tides, RNA, proteins, antibodies) grafted in specific positions
(array). A solution with fluorescent dye-labeled biomolecules
(reporter molecules or probes) is spotted onto the slide. If the
probe represents the complementary interacting element, then
binding and immobilization occurs.34 The glass slide is then
rinsed to remove the unreacted compounds. A laser scanner
measures intensity and position of the fluorescent signal corre-
sponding to the bonded dye-labeled molecules (spot) and the
collected data contain information about interaction partners.
Microarrays are a very promising analytical tool for diagnostic
assays;34 however, concerns about reproducibility and low
sensitivity of this technique still remain.35�38 Wang et al.39

highlighted that the main source of inherent variability in the
expression data is strongly affected by the spot quality. Schena
stated that “amicroarray experiment is only as good as the surface
that is used to create it”.34 Hence it is well recognized that coating
engineering can play a significant role in the fabrication of
sensitive and reliable microarrays. Angenendt37 and Kusnezow
et al.38 compared the performance of several different surface
coatings for protein and antibody microarrays on coated glass
slides using the OFAT approach, standard microarray instru-
mentation, fluorescent reporter molecules in the spotting solu-
tion, and using the measured spot signal intensity, background
level, and spot morphology (evaluated visually) as measures of
coating performance. The criteria for coating performance
responses that will be screened in our case study to drive coating
optimization have been developed based on automatic or
semiautomaticmicroarray image processingmethods. Ideal spots
are perfectly circular and identical, characterized by uniform
background, homogeneous density of probe molecules, and high
signal-to-noise ratio.39�42 The background fluorescence gener-
ated by a nonoptimized coating (low signal-to-noise ratio) might
induce a systematic error even if laser scanner images are
analyzed with commercial software.43 Most of the automatic
and semiautomatic methods for spot recognition assume both a
perfect circularity of the spot and a difference between the spot
and the background intensity;44 however, these assumptions are
not always valid, and irregularity of the spot shape can largely
compromise the accuracy of the measurements.44

On the basis of this background knowledge of the important
variables and response factors, our case study will optimize an
amino-methyl-silane coating by varying six compositional vari-
ables to optimize five responses. The compositional variables are
tetraethoxysilane (TEOS), aminopropyltriethoxysilane (APTES),
methyltriethoxysilane (MTES), ethanol (EtOH), HCl, andH2O;
the responses are the pot life (stability of the solution, St) and the
quality of the sol�gel coating (as defined by spot shape S, spot
intensity IM, background intensity IB, and spot homogeneity H).

Spotting performance has been monitored using a fluorescent
dye molecule (fluorescein isothiocyanate, FITC) as the reporter
molecule in our case study. Because the dye selectively grafts the
amino-functionality of the coating, luminescent spots are ob-
tained that can be rapidly screened using a microarray laser
scanner. This choice of dye has been motivated by the desire to
use an established grafting procedure45 to test the EMMA
algorithm. This choice allows us to benchmark our EMMA case
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study results against coating performance reported previously
that was optimized by OFAT changing one variable at a time.45

The algorithm would possibly require being adapted if a biolo-
gical assay were used; in fact, in that case, other important
features would need to be screened for optimization (e.g., non-
specific binding, intra- and inter-assay reproducibility, etc.).46

’EXPERIMENTAL SECTION

Materials and Measurements. The detailed procedure for
coating preparation is reported in the Supporting Information
(S1). After addition of EtOH, TEOS, MTES, H2O, and HCl, the
solution is stirred for 15 min. APTES is then added, and the
solution is stirred for a further 20 min (aging time). Information
on the stability of the sol is collected with a variable (stability, St),
which is 0 if gelation occurs within 20 min aging or 1 if the sol
remains transparent (no gelation within the aging time). The
surface grafting is tested using FITC (Figure 1a). The coating is
spotted with a FITC doped standard microarray buffer solution
(FITC-buffer solution). Controlled pumping rate of the spotting
solution allows for the formation of circular spots mimicking the
method used in micro- and macro-array technology (Figure 1b).
Three images related to three independent tests are collected by
analyzing each slide with a microarray scanner. The green color
of the spot is due to the intense fluorescent signal of the FITC
molecules bound to the amino groups of the coating surface.
Some streaking is evident due to the FITC molecules bonding
with amino groups during the rinsing process.
Figure 1c�h shows the analysis procedure for spots illustrat-

ing the procedure for two different coatings. The response
functions S, IM, IB, and H are measured as described here. A
circle with the largest possible area (yellow dotted circle) is
inscribed in each spot allowing for the definition of a center (C)
and a minimum radius (minR) (Figure 1e,f). A point along the
perimeter of the spot shape (P) is then chosen in order to define
the maximum distance CP (maxR). The minR/maxR ratio (S)
measures the spot circularity, and in the case of a perfect circle,
then S = 1. The background intensity parameter (IB) is selected
by averaging 60 intensity measurements along the blue-dashed
circumference (4/3 of the maximum dimension of the spot; see
Figure 1e,f). The spot intensity (IM) is calculated averaging the
fluorescence intensity values inside the yellow-dotted circular
area. Three different intensities with themaximum values (yellow
pointers in Figure 1g,h) are averaged giving the value HM. Three
different pixels with the minimum values (red pointers) are
averaged calculating Hm. The minimum to maximum intensity
ratio (Hm/HM) defines the homogeneity of the intensity signal
inside the spot (H).
Methods. The compositional range has been selected in

accordance with preliminary experiments to evaluate the pot
lifetime of the sol�gel solution, resulting in the selection of a set
of six possible amounts of moles for TEOS, APTES, MTES,
EtOH, HCl, and H2O (values reported in the Supporting
Information, Table S2_T1). EMMA defines an experiment by
selecting the amounts of moles for each compositional variable.
The algorithm evolves with cycles depending on a parameter t,
named the time instant. When t = 0, EMMA selects 48 random
recipes for the sol�gel recipe (“experiments”). When t > 0,
EMMA evolves the initial experiments by changing the number of
moles of the chemical components. Once a set of sol�gel recipes
are defined, the solutions are prepared and the coatings deposited.
The coated slides are then spotted using the FITC-buffer

solution and IM, S, IB, and H are measured. Then, EMMA
identifies the best experiments and selects a new set of recipes

Figure 1. (a) Reaction between the isothiocyanate group of the demon-
stration dye fluorescein isothiocyanate FITC (red) with the amino
functionality of the amino-methyl-silane coating and (b) schematic repre-
sentation of the spotting process. The needle�substrate distance and
pumping rate are kept constant; and the volume of the drop is fixed.
(c,d) Examples of two different spots generated by two different amino-
methyl-silane coatings. (e,f) Graphical procedure to determine the circu-
larity (S). A circle with the largest possible area is inscribed in each spot
allowing for the definition of a center (C) and aminimum radius (minR). A
point along the perimeter of the spot shape (P) is then chosen in order to
define the maximum distance CP (maxR). The minR/maxR ratio (S)
measures the spot circularity. IfminR/maxR=1, the spot is perfectly circular
(f). The background intensity parameter (IB) is measured by averaging 60
intensity measurements along the blue dashed circumference (about 4/3 of
the maximum dimension of the spot). The spot intensity (IM) is calculated
by averaging the fluorescence intensity values inside the yellow dotted
circular area. (g,h) Three different intensities with the maximum values
(yellow pointers) are averaged giving the value HM. Three different pixels
with the minimum values (red pointers) are averaged calculating Hm. The
minimum to maximum intensity ratio (Hm/HM) within the circumference
defines the homogeneity of the intensity signal inside the spot (H).
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(see flowchart S2_F1 in the Supporting Information). In
EMMA, a weight has been assigned to each response; the weights
are user-defined values and correspond to 0.4 for IM and S, 0.12
for IB, and 0.08 for H. A total of 123 sol�gel recipes were
investigated: 48 for t = 0 and 15 for t = 1,...,5 (a simulation and
examples of the obtained coatings can be found in Algorithm and
Coating Features). When t > 0, the number of recipes prepared
for each time instant was reduced to 15 in order to test the
algorithm efficiency at optimizing the coating while performing
less than 2% of all the possible experiments. Empirical prelimin-
ary studies have supported this decision (see the Supporting
Information, S3).
The collected data have been analyzed by EMMA. The method

determines the influence of each variable on each coating response
and models the functional relationships between compositional
variables and coating features using a classification tree to investigate
the response St (see the Supporting Information, S4). The
performance of the each new coating selected by EMMA has
been compared with the best coating obtained with the OFAT
approach, identified in previous work.45 In that work, the first
criterion was a sol�gel solution with a pot life longer than
20 min. Once this criterion was achieved, approximately 70 solu-
tions were prepared in order to improve the coating properties by
changing one variable at a time and the experiments were
stopped when no further progress was detected for any change
of each variable. This OFAT approach will be used to benchmark
EMMA in our case study.

’RESULTS

After identification of the best coating obtained by EMMA, a
small number of additional experiments have been performed,
systematically changing the quantity of one reactant while

keeping the others fixed. Because no further improvement in
performance was measured, the performance of the best coating
obtained using EMMA was compared with the best coating
obtained using the OFAT approach. The spot features (St, S, IM,
IB, H) measured on the prepared coatings have been used as
input in the algorithm for modeling. The models describing the
system behavior are discussed in Modeling the Results.
Algorithm and Coating Features. The theoretical efficiency

of the proposed approach has been verified using a simulation
based on a preliminary experimental model (48 recipes evalu-
ated, see the Supporting Information, S3). Then, 15 new experi-
ments were selected for each subsequent time instant. Each time
instant involves experiment identification, solution preparation,
coating deposition, and spot analysis.
Figure 2a presents the laser scanner measurement of a spot

obtained by the best coating (sample A) found with the OFAT
methodology. Tests performed using drops of FITC-buffer
solution on this coating give perfectly circular spots (S = 1).
However, the fluorescence signal is weak with a partial inhomo-
geneous distribution.
Examples of coatings obtained using EMMA are shown in

Figures 2b�f (samples B�F). The calculated spot features
shown in Figure 2 are reported in the Supporting Information
(Table S5_T1). Coating B (Figure 2b) has the same circularity,
better homogeneity and a stronger intensity for IM and IB,
compared to coating A. Sample C (Figure 2c) gives IM and
IB∼3 timesmore intense than sample A, and the ratio IM/IB∼ 4.5
is similar; although the spot (Figure 2c) is almost circular, poor
homogeneity is measured. Sample D (Figure 2d) shows very low
background and good homogeneity but has a spot intensity
similar to the background and an irregular shape. Sample E
(Figure 2e) shows a homogeneous fluorescence signal with
intensity values similar to those found for sample A but has poor

Figure 2. Laser scanner measurements of spots on different amino-methyl-silane coatings. The sample with the best features found using the OFAT
approach is sample A (a). From Sample B to F, different spots found during the evolution of the algorithm are presented. The sample with the best
features found by EMMA is sample F (f) presenting an improved signal-to-noise ratio, homogeneity, and perfect circular shape. For all of the samples
shown here, the full response sets are reported in the Supporting Information (Table S5_T1).
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circularity and high background. Sample F (Figure 2f) represents
the best result found by EMMA: perfect circular shape, signal
with intense and homogeneous features, and low background
fluorescence. The intensity IM of the spot measured in sample F
is 380% more intense than that detected for sample A. Because
intensity can be assumed to be proportional to the number of
fluorophores (employing the same measurement parameters),47

sample F shows a significantly improved capacity for grafting dye
molecules over our benchmark sample A. The 139% increase in
background intensity (IB) can be explained by two different
reasons: (1) a higher weight has been given in EMMA to improve
IM compared to IB (respectively, 0.4 and 0.12), (2) the improved
ability to graft dye molecules that increases IM is reflected also in
IB in that during the rinsing process the unreacted dye in the spot
is solubilized by the solvent, and grafting can occur on the coating
surface during the rinse. Therefore, a combined effect relating IB
to IM is expected. However, the improvement in terms of signal-
to-noise ratio (IM/IB) is 273%. No changes were detected in the
perfect circular shape (S = 1). An explanation is that the
circularity weight is 0.4; therefore, EMMA keeps the circular
shape as one of the most important features. A 188% improve-
ment has been obtained for homogeneity (H).
Ellipsometry and contact angle measurements for the coatings

are reported in the Supporting Information, S5. Weak correla-
tions between the coating thickness and IM , and between the
contact angle and IB were found. The remaining combinations of
S, IM, IB, andH versus contact angle, refractive index, and coating
thickness do not exhibit any simple trend. Also, no simple
correlation between chemical species and coating properties
has been found using FT-IR spectroscopy. For this reason we
have modeled the coating features as functions of the composi-
tional variables using a statistical approach.
Modeling the Results.We used a classification tree model to

investigate the stability variable (Supporting Information,
S4_F1). For an experimentalist, it can be very difficult to define
the range of multivariables that will give sol stability using the
OFAT approach. Themodel definesMTES, APTES, andH2O as
the most relevant compositional variables affecting the solution
stability and predicts with 92% probability a stable composi-
tion (pot life >20 min) under one of the following conditions:
(i) MTES g 0.7 � 10�3 M; (ii) MTES < 7 � 10�3 M and
APTES < 0.8 � 10�3 M; (iii) MTES < 7 � 10�3 M, APTES g
0.8 � 10�3 M, and H2O < 51.5 � 10�3 M. These classification
tree model results can be better understood based on literature
results that show that MTES reduces the network connectivity
due to the nonhydrolyzable Si-CH3 groups,

48,49 and it therefore
plays a central role in sol stabilization.
EMMA determined the influence of each variable on the different

responses by modeling the relations between compositional
variables and responses. The use of the MARS model and the
procedure to calculate the influence of compositional variables
are presented in the Supporting Information, S6 and S7. APTES
and EtOH strongly affect IM, whereas HCl is less influential.
APTES also heavily influences IB: a higher concentration of amino
groups increases the coating’s ability to bind solubilized dye
molecules during the rinsing process as illustrated by luminescence
streaks (see Figure 1c,d). S (circularity) is largely influenced by the
amount of MTES, with a larger amount of MTES associated with
more circular spots. H (homogeneity) is mainly affected by HCl.
A MARS model has been obtained for each response. The

MARS model identifies independent and combined interac-
tions as shown in Figure 3, where the influence of the most

important compositional variables on IM, IB,H, and S are presented.
Each graph presents a modeled coating feature at a given time
instant, whereas the optimized coating (sample F) is the result of
a combination of four features maximized simultaneously. Sample F
has been obtained in accordance with the imposed weight for
each response, as previously described.
In Figure 3a�d, IM is described in terms of APTES, EtOH,

HCl, and their combined interactions with other variables.
Figure 3a shows that by increasing the amount of APTES, the
intensity IM increases. A maximum occurs at the value ln-
(APTES) =�7.14 (corresponding to 0.79� 10�3 M), and then
a further increase of the aminosilane produces a decrease of IM.
This graph shows that APTES can itself strongly affect the spot
intensity. In the 0.21 to 0.79 mM range, IM increases from 0.5 to
1.99, meaning that a 400% improvement in the intensity can be
achieved just by optimizing the APTES amount. The concentra-
tion of reporter molecules (FITC) has been kept constant in our
case study. Schena has reported that for a fixed surface chemistry
a maximum in spot intensity is observed when the reporter
molecule concentration is optimized.34 These results highlight
the potential of future applications of EMMA to develop micro-
array surfaces for optimal binding where both the concentration
of reporter molecules and surface binding sites are allowed to
vary simultaneously. In Figure 3b, the interaction between
APTES and EtOH is shown. Two maxima can be found at A
(�1.88,�7.14) and B (�0.69,�6.17), corresponding to (0.15,
0.79 � 10�3) M and (0.501, 2.09 � 10�3) M. At ln(APTES) =
�7.14, decreasing the amount of EtOH, IM increases to 4.43
(absolute maximum, point A in Figure 3b). A relative maximum
(IM = 1.69, point B in Figure 3b) can be found by keeping the
solvent concentration constant, ln(EtOH) =�0.69 and increasing
the concentration of amino groups. Figure 3c shows the ethanol�
water interaction: amounts of H2O below 0.0146 M (ln(H2O) =
�4.23) and amounts of EtOHbelow 0.501M (ln(EtOH) =�0.69)
result in a dramatic decrease of IM. For ln(H2O) in the
�4.23 to�1.97 range, IM can be varied in the 0.86 to 2.83 range
by just changing the amount of EtOH. Figure 3d shows the com-
bined effect of HCl and H2O. A plateau with intensity around
1.55 is found for HCl amounts below 0.43� 10�3 M (ln(HCl) =
�7.76) and H2O amounts above 0.025 M (ln(H2O) = �3.67).
Outside this compositional range, the intensity decreases quickly.
APTES and EtOH were found to be the most important

variables in modeling IM. This result can be better understood in
the context of its agreement with literature reports of the selective
binding between FITC and APTES molecules.45 Regarding
EtOH, a study performed by Harris et al.50 confirms a similar
trend, revealing the importance of ethanol on dye adsorption in
pure silica sol�gel coatings. In that study, the coating with the
lowest EtOH/TEOS ratio shows the greatest adsorption of dye.
The amount of solvent determines the dilution of the precursor
solution, which has important effects such as slowing down the
kinetics of hydrolysis and polycondensation at higher amounts of
ethanol;50 lower EtOH concentrations result in thicker coatings.50

These results are consistent with the observed direct proportion-
ality between maximum spot intensity and coating thickness
observed in our case study (Supporting Information, S5_F1).
The model for IB prioritizes the APTES contribution and its

combined effect with other variables (HCl andMTES). In Figure 3e,
a maximum with IB = 2.09 corresponds to ln(APTES) = �6.89
(1.02� 10�3M), then a further increase of aminosilane decreases
the background signal. APTES interacts with HCl as shown in
Figure 3f. In Figure 3g the combined effect ofMTES andAPTES is
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presented: this profile is in agreement with the trend depicted in
Figure 3e and the background signal decreases if the amount of
MTES is increased.
The IB trend (Figure 3e) is similar to the APTES contribution

shown for IM (Figure 3a); this result supports the hypothesis
relating IM to IB and explains the higher background signal in the
best coating found with the EMMA approach. However, the two
maxima occur at slightly different values of ln(APTES), such that
IM/IB can be optimized. The signal-to-noise ratio can also be
improved by varying the amount of solvent (as discussed
previously for IM) or by increasing the amount of methyl groups
(as shown for IB). An increasing density of methyl groups
increases the hydrophobic properties of the substrate, as illu-
strated by the plot of IB versus contact angle (Supporting
Information, S5_F2).
MTES is the most influential variable for spot circularity (S).

Figure 3h shows that increasing the amount of MTES allows
reaching the best theoretical value (S = 1), which is obtained for
quantities of ln(MTES) greater than�6.36 (1.7� 10�3M). The
crucial effect of MTES can be attributed to the hydrophobicity
induced by methyl groups, which results in a lower affinity
between the surface and the FITC-buffer solution drop. During

the binding process, the dye solution evaporates leaving a circular
mark, whereas for coatings with high wettability the drop spreads
on the surface, leaving a poorly defined shape.
As shown in Figure 3i, spot homogeneity,H, improves slightly

for ln(HCl) > �9.21 (0.1 � 10�3 M), reaching H = 1 for
ln(HCl) >�8.48 (0.2� 10�3M), then stabilizes for a wide range
of HCl concentration.
To verify the optimized recipe and the relationships predicted

between compositional variables, a set of 25 experiments have
been performed in the space surrounding the identified opti-
mum. The prepared coatings present responses in agreement
with the algorithm prediction. The measured experimental coat-
ing responses are within 10% of the values calculated using the
model. The optimum coating has been reproduced 5 times (once
a week for 5 weeks). The variations in response around the mean
are all within 2 standard deviations, with the exception of one
measurement of IM in one sample only which slightly exceeds 2σ.

’CONCLUSIONS

A new evolutionary bioinspired algorithm EMMA to solve
multivariable multiresponse optimization problems has been

Figure 3. Model provided by EMMA explaining the relationships between compositional variables and optimized responses. Multicollinearity issues
can be excluded (see the Supporting Information, S8). IMwas related with a single interaction to APTES (a), and with a combined interaction to APTES
and EtOH (b), EtOH and H2O (c), and HCl and H2O (d). IB was related with a single interaction to APTES (e), and with combined interactions to
APTES and HCl (f), and MTES and APTES (g). S was related with a single interaction to MTES (h).H was related with a single interaction to HCl (i).
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illustrated using a case study. A sol�gel amino-methyl-silane
coating has been optimized for immobilization of a fluorescent
dye molecule. In the case study, EMMA was shown capable of
varying six compositional variables (reactants) simultaneously to
design experiments and optimize five responses (coating
features) of the system while minimizing the number of experi-
ments. PSO11,12 and MARS13 were used to suggest a set of
sol�gel recipes and maintain balance between exploration
(global search) and exploitation (local search) of the experi-
mental space. In the experimental domain of the case study, the
evolution control strategy constituted synthesis of the suggested
sol�gel recipes and measurement of the resultant coating
performance. The collected data (sol�gel compositions and
coating quality measurements) were then used to update the
MARS model. The whole procedure was repeated until an
optimal composition was achieved. Remarkably, this new analy-
tical method was able to optimize the system with less than 2% of
the entire combination of possible experiments, resulting in the
identification of the most influential compositional variables and
describing both single and combined interactions between
chemical reactants and coating responses.

EMMA was benchmarked against experimental optimization
based on the OFAT approach. EMMA provided a significantly
improved coating recipe resulting in high-quality spots for rapid
screening using a microarray laser scanner: the signal-to-noise
ratio was improved by 270%, the homogeneity was enhanced by
190%, and the shape was maintained as perfectly circular.
Furthermore, EMMA defined aminosilane, methylsilane, etha-
nol, and hydrochloric acid as prominent variables to control the
coating properties. These model results were discussed in the
context of a priori knowledge and literature results for sol�gel
coating property relationships. A classification tree has been
employed to define the rules to efficiently predict stable solutions
(percentage of correct classification equal to 92%). This study
has successfully demonstrated EMMA as a new analytical tool for
the optimization of material science problems that simulta-
neously provides fundamental information leading to a better
understanding of the investigated system.
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