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Robust Prediction of Personalized Cell Recognition from a
Cancer Population by a Dual Targeting Nanoparticle Library

Tu C. Le, Bing Yan, and David A. Winkler*

Nanomaterials are used increasingly in diagnostics and therapeutics, particu-
larly for malignancies. Efficient targeting of nanoparticles to specific cells is an
important requirement for the development of successful nanoparticle-based
theranostics and personalized medicines. Gold nanoparticles are surface modi-
fied using a library of small organic molecules, and optionally folate, to inves-
tigate their ability to target four cell lines from common cancers, three having
high levels of folate receptors expression. Uptake of these nanoparticles

varies widely with surface chemistriy and cell lines. Sparse machine learning
methods are used to computationally model surface chemistry—uptake rela-
tionships, to make quantitative predictions of uptake for new nanoparticle
surface chemistries, and to elucidate molecular aspects of the interactions.
The combination of combinatorial surface chemistry modification and machine
learning models will facilitate the rapid development of targeted theranostics.

therapy requires medicine specifically
formulated and delivered to each patient.
However, personalized drug delivery is
still a very substantial challenge. We and
others have shown that surface modifica-
tion of nanoparticles by libraries of small
organic molecules can markedly alter
the uptake in different types of cells, and
that the modulation of uptake by surface
chemistry can be modeled and predicted
quantitatively.*® We hypothesized that
dual targeting nanoconstructs, ie., one
ligand targets a common receptor overex-
pressed in a type of cancer and another
ligand targets a receptor related only to
an individual's genetic background, may

1. Introduction

Understanding how nanoconstructs recognize diseased
cells is essential for the development of effective and selec-
tive theranostics. It is clear that, while markers such as folate
receptorsl!! and other proteins on cancer cells,”? or aldehyde
dehydrogenase receptors on cancer stem cellsi®! can provide
some selective targeting of therapeutics or diagnostics, a single
protein marker will not be enough to achieve the selectivity
required. A better understanding of the types surface marker
populations in specific types of cells is necessary to generate
the selectivity required to generate maximum efficacy against
cancers, and to avoid effects on healthy bystander cells that
also express a subset of these markers. Personalized cancer
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get us closer to the goal of personalized
delivery. Biochemical studies of diverse
markers on cells are complex and potentially time-consuming,
and high throughput materials science such as nanocombinato-
rial chemistry!’! can provide rapid results that are synergistic to
these traditional and more detailed biochemical studies. In par-
ticular, nanoparticles, increasingly used to deliver therapies to
cells or in disease diagnostics, can also play an important role
in understanding how to selectively target cells. Cell uptake of
nanoparticles can depend on a number of factors, such as size,
shape, surface chemistry and charge, surface coatings, etc.ll
We have developed a library of nanoparticles that display a
diverse array of surface chemistries and have used these to probe
the interaction of functionalized nanoparticles with cells, pro-
teins, and enzymes.*®°! To tackle the complex issue of under-
standing how to specifically target multiple markers on cells we
have devised experiments employing a bespoke array of surface
functionalized nanoparticles, where the well-known folate tar-
geting moiety (folic acid, FA) is combined with a combinato-
rial mixture of different surface chemistries previously shown
to be taken up selectively by different types of cells.'?] Herein,
we describe how these data may be used to generate quantita-
tive numerical models that predict the uptake of nanoparticles
by several types of cells derived from common tumors, identify
potential synergistic interactions of folate with other types of
surface chemistry in cell-specific targeting, and describe how dif-
ferent surface chemistries relate to the specific uptake. These are
data-driven machine-learning models that provide quantitative
predictions of nanoparticle uptake in complex environments,
albeit with some sacrifice of mechanistic insight.

2. Results and Discussion

It is clear from inspection of Figure 1 and Table 1 that the sur-
face chemistry has a marked effect on the degree of uptake
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Figure 1. Histograms showing the variation of cellular uptake o

of the nanoparticles. There is considerable variation in the
response of different cancer cell lines to the nanoparticle sur-
face chemistry. There is no correlation between the uptake of
mono- and dualligand nanoparticles for the same cell line
(* = 0 for all cell lines), and low-to-moderate correlation
between the responses of different cell lines to the same library
of surface-modified nanoparticles (* between 0.22 and 0.54
for the monoligand library and between 0.0 and 0.18 for the
dual-ligand library).

2.1. Dual-Ligand Nanoparticle Cellular Uptake
2.1.1. HeLa Cells

Both linear and nonlinear models were constructed to predict
the uptake of the nanoparticles with organic ligands plus FA
attached to their surfaces in cells derived from cervical cancer.
The sparsity of the models was gradually increased to reduce
the number of descriptors from an initial pool of 482 descrip-
tors. The quality of the models degraded significantly when the
number of descriptors in the model was reduced to below 13,
indicating that relevant information was being removed from
the models. The performance of the optimally sparse models
is shown in Table 2. These models were constructed using 13
descriptors listed in Table S1 (Supporting Information) and
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modified nanoparticles as a function of surface chemistry.

their abilities to predict the training and test sets are illustrated
in Figure 2. As can be seen, both linear MLREM and nonlinear
BRANNGP models could predict very well the uptake of nan-
oparticles by Hela cell, accounting for more than 90% of the
variance in the data. The linear model had an #* value of 0.98
and a standard error of estimation (SEE) of 0.58 x 107! g Au
cell™! for the training set and an r? value of 0.93 and a standard
error of prediction (SEP) of 0.81 x 107! g Au cell™® for the test
set. The nonlinear neural network model achieved better pre-
dictivity, with an SEE of only 0.28 x 107! g Au cell™ and an
SEP of 0.76 x 107! g Au cell™!, suggesting some nonlinearity in
the relationship between surface chemistry and uptake.

The effects of the surface ligands encoded by the descrip-
tors on the cervical cancer cellular uptake of dual-ligand nano-
particles are shown in Figure S1 in the Supporting Information.
A positive value of the multiple linear regression (MLR) coef-
ficient for a descriptor indicates that the descriptor promotes
cellular uptake whereas a negative value of the MLR coefficient
indicates that the descriptor inhibits the cellular uptake. For
example, the sum of geometrical distances between nitrogen
atoms in the nanoparticles has a negative coefficient. Larger
distances between nitrogen atoms result in a smaller Hela
cell uptake of nanoparticles carrying this functionality, and the
converse situation applies. In contrast, the sum of geometrical
distances between oxygen and chlorine atoms has a positive
coefficient suggesting that larger distances between these

Adv. Funct. Mater. 2015, 25, 6927-6935
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Table 1. Surface chemistry and uptake of fGNPs in four cancer cell lines (units: 107" g Au cell™"). TA is thioctic acid (1,2-dithiolan-3-yl)pentanecarbox-

ylic). The first uptake number is for organic ligand alone (mono), the second figure is for organic ligand plus folate (dual).
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1
Hela
7.32+£0.51 6.46 £0.15
KB
3.72+0.34.02+£0.3
HepG2
1.88£0.100.72 £ 0.03
A549
1.51£0.390.96 £0.24

21
Hela
3.64+0.004.01£0.13
KB
1.79+0.46.05%1.1
HepG2
1.26 £0.15 3.62 £ 0.04
A549
2.351+0.494.52+0.74

31
Hela
2.77+£0.66 3.36 £ 0.70
KB
2.04+0.12.03+0.6
HepG2
1.84+0.18 2.80 £ 0.02
A549
0.94+0.231.01+£0.15

41
Hela
4.97+0.223.57+0.37
KB
3.93+0.28.84+1.1
HepG2
1.62+0.201.32£0.08
A549
1.94+0.08 1.83 £0.29

51
Hela
3.75+0.07 6.05 £ 0.89
KB
6.24+0.25.76+0.7
HepG2
1.66 +0.052.55+0.12
A549
2.13+0.122.75+0.29

12
Hela
3.22+0.533.45+0.19
KB
1.69+0.23.13+0.2
HepG2
0.53£0.090.30+0.32
A549
0.92£0.25 1.02 +0.06

22
Hela
2.6510.24 2.48 £ 0.07
KB
1.96+0.42.64+0.3
HepG2
0.03 +0.06 2.28 £0.50
A549
3.47+0.64 2.99 £0.02

32
Hela
3.13+0.343.89+£0.12
KB
1.47£0.11.44£0.1
HepG2
1.48 £0.002.26 £0.06
A549
0.63+£0.071.32+0.17

42
Hela
4.75+0.528.04+1.14
KB
4.33+0.43.53+£0.0
HepG2
1.68 +£0.03 1.39£0.08
A549
2.13£0.151.88+0.05

52
Hela
4.60+0.514.93+0.12
KB
6.25+0.52.61+0.0
HepG2
0.99+0.06 0.70 +£0.12
A549
2.90+0.311.77 £0.02

MeO NH

13
Hela
6.69+0.174.93+0.36
KB
9.21+0.3528+0.4
HepG2
2.06+0.180.72 £ 0.34
A549
2.95+0.442.15%0.16

23
Hela
3.90+0.09 5.99£0.92
KB
4.66+1.84.90+0.1
HepG2
2.14+0.351.38 £0.15
A549
3.67+£0.333.58£0.43

33
Hela
4.25+0.24 6.07 £ 0.02
KB
2.52+£0.52.59+0.1
HepG2
2.2410.04 2.45+0.12
A549
1.19+£0.071.62£0.76

43
Hela
7.02+0.055.52 £ 0.46
KB
11.88+£0.26.19£0.0
HepG2
1.82+£0.101.33 £0.06
A549
3.91+£0.781.79£0.09

53
Hela
5.74+0.07 9.66 £ 0.15
KB
4.61+0.14.61+0.1
HepG2
0.99£0.110.97 +0.01
A549
3.06£0.113.82£0.13
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14
Hela
5.75+0.04 3.26 £0.10
KB
3.68+0.23.10£0.2
HepG2
1.98 £0.55 0.99 £ 0.31
A549
2.39+£0.351.49+0.22

24
Hela
4.61+£0.447.85+0.11
KB
1.66+0.34.71+£04
HepG2
1.16+£0.121.67 £0.21
A549
1.03£0.152.38 £0.30

34
Hela
4.11£0.053.16+£0.37
KB
3.97+0.22.06 0.2
HepG2
1.67 £0.051.04 £0.20
A549
2.19+£0.13 1.43£0.08

44
Hela
6.11+0.50 4.54 £ 0.50
KB
7.34£0.06.48£0.5
HepG2
0.55+0.021.71 £0.15
A549
2.87£0.22 1.96 £ 0.04

54
Hela
5.39+0.256.40£0.20
KB
4.41+0.02.69+0.0
HepG2
0.70£0.01 0.83 £ 0.01
A549
1.92+0.04 2.16 £ 0.00
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Table 1. Continued
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HAuCI4 0 + NaBH,

TA-Tyr—Am[1-6]Ac[1-5]

MeOH/HZO
TA-Tyr-Am[1-6]-Ac[1-5] GNP[Ry, Ra]
Cl
0 %
0 o g 0
s o
W v
wwv
15 25 35 45 55
Hela Hela Hela Hela Hela
3.69+0.384.19£0.51 3.70+£0.00 8.38 £0.76 3.82+£0.335.59+0.31 3.35+£0.829.02 £ 0.41 518+0.5712.11 £ 0.87
HO
(0] KB KB KB KB KB
[e) 4.42+0.5599+0.8 3.23+0.81.24£04 726+1.53.32+£0.8 524+1.06.66+0.2 4.52£0.14.59+£0.1
HN \és, HepG2 HepG2 HepG2 HepG2 HepG2
0.09+0.001.07 £ 0.03 0.56+0.100.60 + 0.12 2.71£0.032.74£0.11 2.83+0.151.40 £ 0.01 0.85+0.071.61+£0.10
A549 A549 A549 A549 A549
3.35+£0.192.86 £ 0.21 1.15+0.371.81 £0.05 1.72+0.141.44 £1.31 2.63+£0.114.19+£0.41 1.88+£0.02 2.65 £ 0.10
16 26 36 46 56
Hela Hela Hela Hela Hela
1.79+£0.256.03£0.12 1.03 £0.09 5.63 £0.30 1.08 £0.04 4.01 £0.18 10.08 £0.92 3.83 £0.18 0.99+0.1011.42+1.14
HO (0]
OH KB KB KB KB KB
HN OH 1.55+0.46.89+£0.7 1.04+£0.33.95+£0.5 1.08+£0.25.83+£0.2 9.61+0.54.97+0.3 1.32+£0.311.62+1.2
S OH HepG2 HepG2 HepG2 HepG2 HepG2

0.26 £ 0.06 3.14 £ 0.45
A549
1.47£0.145.95£1.10

1.49+0.310.86£0.19
A549
1.34+£0.053.40+£0.44

0.17£0.021.03 £0.03
A549
1.19+£0.145.17 £ 0.01

3.65%£0.531.27£0.21
A549
4.691+0.951.49+0.24

0.83+0.011.87 +£0.02
A549
1.35+£0.502.70 £0.69

Folic acid alone

Hela
3.49+0.15

KB
3.86£0.20

HepG2
0.77£0.27

A549
1.75+£0.02
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atoms in substituents promotes Hela cell uptake. Among the
descriptors used in the models, MorO6u, Morllm, Morl19m,
Mor18e, and Mor30p, MoRSE descriptors have the most signifi-
cant effects on the cellular uptake. These descriptors measure
the sinusoidal radial distribution of atoms in the molecules
unweighted or weighted by atomic mass, van der Waals volume,
polarizability, or electronegativity. Mass-weighted descriptors
are most significant for heavy atoms such as P, S, Cl, Br, and
I, while volume-weighted descriptors are more influenced by
Si, P, Br, and I. Polarizability-weighted descriptors are similar
to volume-weighted ones but better describe the effect of ele-
ments with more deformable electron clouds. Electronegativity-
weighted descriptors describe the contributions of F, O, and
Cl. Most MoRSE descriptors make a negative contribution to
the HeLa uptake models, with Mor19m having the most sig-
nificant effect on cellular uptake. Indeed, nanoparticle TA-12
that has the highest Mor19m value has one the lowest value of
Hela cellular uptake of <4 x 107! g Au cell™! whereas TA-55
with the lowest Mor19m value has the highest HeLa uptake of
>12 x 107! g Au cell™. A more detailed explanation of MoRSE
descriptors and their interpretation could be found elsewhere.['!]

© 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

2.1.2. KB Cell Uptake

Uptake of nanoparticles by cells derived from epidermal can-
cers (KB cells) was also modeled using both linear (MLREM)
and nonlinear (BRANNGP) methods. The same pool of 482
descriptors calculated by the DRAGON software was used to
construct the models of cellular uptake of nanoparticles. By pro-
gressively increasing the model sparsity, we found the optimal
number of descriptors in the model was 8 (7 plus the inter-
cept) as can be seen in Table 2. The statistical significance of
these models was not as high as the HeLa cell uptake models,
but the overall prediction of the training and test set data was
good, accounting for about 70% of the variance in the data.
The best linear model with eight effective weights had an r?
value of 0.80 and SEE of 1.32 x 107! g Au cell™! for the training
set and r? value of 0.71 and SEP of 1.78 x 107!! g Au cell™!
for the test set. The best nonlinear model performed notice-
ably better, with an SEE of 1.04 x 107! g Au cell™! and SEP of
1.50 X 10 g Au cell™!. The descriptors used for these models
and their descriptions are listed in Table S2 (Supporting Infor-
mation) and the performance of the models in predicting the

Adv. Funct. Mater. 2015, 25, 6927-6935
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Table 2. Statistical results of the best MLREM and BRANNGP models for the uptake of single- and dual-ligand nanoparticles (N.g is number of effec-

tive weights (adjustable parameters) in the model).

Cell line Method Negr Training set Test set
r? SEEx 107" g Au cell™ r SEPx 107" g Au cell”!
HelLa (dual) MLREM 14 0.98 0.58 0.93 0.81
BRANNGP 15 0.96 0.28 0.94 0.76
KB (dual) MLREM 8 0.80 1.32 0.71 1.78
BRANNGP 8 0.71 1.04 0.67 1.50
HepG2 (dual) MLREM 14 0.88 0.43 0.72 0.53
BRANNGP 12 0.76 0.28 0.71 0.56
A549 (dual) MLREM 16 0.99 0.20 0.93 0.55
BRANNGP 16 0.96 0.12 0.93 0.55
Hela (mono) MLREM 14 0.88 1.00 0.82 1.25
BRANNLP 14 0.87 0.53 0.85 1.36

KB cellular uptake for the training and test sets illustrated in
Figure 3.

Figure S2 (Supporting Information) shows the effect of all
seven descriptors used in the QSPR models of the uptake of
dual-ligand nanoparticles by cells from epidermal cancer (KB).
The descriptors contributing most strongly to the models are
G(N---0) and Mor18p. The positive coefficients for these
descriptors mean that they promote uptake by KB cells. Col-
lectively, nanoparticles with functionality having the largest
nitrogen—oxygen atom distances and high Mor18p descriptors
are will have the best KB cellular uptake. However, in the data
set considered here, no nanoparticle has surface functionality
with the highest values of the G(N- - -O) and Mor18p descrip-
tors. Nanoparticle TA-36 has the highest G(N- - -O) descriptor
value has a relatively small Morl8p whereas nanoparticle
TA-11 with the highest Mor18p descriptor has only a modest
G(N---0) descriptor magnitude. Nanoparticle TA-56 with the
highest uptake in KB cells has a G(N- - - O) descriptor in the top
range but a modest Mor18p value. The nonlinear uptake model
being substantially better than the linear model, suggests there
must be substantial nonlinearity and interaction between the
molecular properties, so optimization of surface chemistry

14 T
| MLREM |

12

10

Predicted cell uptake

2 4 6 8 10 12 14

Measured cell uptake

in this case will be more complex than for structure-uptake
models that are essentially linear.

2.1.3. HepG2 Cell Uptake

We also attempted to model the uptake of dual-ligand nano-
particles in cells derived from hepatocellular carcinoma
(HepG2 cells) using MLREM and BRANNGP methods. As
Table 2 shows, both linear and nonlinear models could reca-
pitulate the HepG2 cellular uptake of the training and test
sets with good fidelity. The optimally sparse linear model
using 14 descriptors had an 7 value of 0.88 and SEE of
0.43 X 107! g Au cell™! for the training set and an r? value of
0.72 and SEP of 0.53 x 107! g Au cell™! for the test set. The
nonlinear model with SEP of 0.56 x 107! g Au cell™ clearly
did not perform any better than the linear one. Figure 4 illus-
trates the abilities of these models to predict the HepG2 cellular
uptake for both training and test sets.

Table S3 (Supporting Information) shows the important
descriptors for the HepG2 cellular uptake of dualligand
nanoparticles. The E2s WHIM index was the most important

14
BRANNGP

12 ¢

10

Predicted cell uptake

2 4 6 8 10 12 14

Measured cell uptake

Figure 2. Measured and predicted Hela cell uptake (x107"" g Au cell™") of nanoparticles with dual ligands on their surfaces. The left panel is the linear
model and the right panel is the nonlinear model. The training set is denoted by circles, and the test set by triangles.
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Figure 3. Measured and predicted KB cell uptake (x10™"" g Au cell™) of nanoparticles with dual ligands on their surfaces. The left panel is the linear
model and the right panel is the nonlinear model. The training set is denoted by circles, and the test set by triangles.

descriptors (Figure S3, Supporting Information) in the models.
WHIM descriptors, developed by Todeschini et al.,l'? are sta-
tistical indices that measure the projections of molecular prop-
erties along principal axes of the molecule. They capture the
3D distribution of molecular size, shape, symmetry, and atom
distribution with respect to invariant reference frames. The
large negative coefficient for E2s means that nanoparticles with
surface chemistries with large E2s descriptors will have lower
HepG2 cellular uptakes. The lowest HepG2 cellular uptake in
the data set is 0.3 x 107! g Au cell™! for nanoparticle TA-12 that
has E2s of value of 0.583, very close to the maximum value of
0.636. Clearly, the cellular uptake of nanoparticles is a result of
the contribution of all descriptors but E2s makes an important
contribution.

2.1.4. A549 Cell Uptake

The uptake data for A549 calls generated models with the best
performance of the four cell lines, in spite of this cell line report-
edly having a lower expression of folate receptors. The linear
model using 15 descriptors and an intercept had an r? value of

4
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Q
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2 a A ]
5 °
8
[ ]
® 2 a
°
T
4
g
0
0 1 2 3 4

Measured cell uptake

0.99 and SEE of 0.20 x 107! g Au cell™! for the training set and
an excellent r* value of 0.93 and SEP of 0.55 x 107!! g Au cell™!
for the test set (Table 2). The performance of the nonlinear
BRANNGP model was essentially the same as that of the linear
model indicating a linear relationship between nanoparticle
surface chemistry and uptake by A549 cells. The SEP value
was 0.55 x 107! g Au cell™! for both MLREM and BRANNGP
models, representing about 10% of the range of the A549 nano-
particle uptake. The performance of the models in predicting
the A549 cell uptake of dual-ligand nanoparticles is illustrated
in Figure 5.

Descriptors used in the models are listed in Table S4
(Supporting Information) and their significant contribu-
tions to the A549 cellular uptake of dual-ligand nanoparticles
are shown in Figure S4, Supporting Information. One of the
MoRSE descriptors, Mor21e that describes the distribution of
electronegativities in the molecule with respect to an angular
(sinusoidal) scattering function, was the most relevant posi-
tive contributor to the cellular uptake models. 3D MoRSE
descriptors (3D Molecule Representation of Structures based
on Electron diffraction), proposed by Gasteiger and Schuur,!3!
are derived from infrared spectra simulations. Nanoparticles

4
BRANNGP

Predicted cell uptake

3 4
Measured cell uptake

Figure 4. Measured and predicted HepG2 cell uptake (107" g Au cell™') of nanoparticles with dual ligands on their surfaces. The left panel is the
linear model and the right panel is the nonlinear model. The training set is denoted by circles, and the test set by triangles.
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Figure 5. Measured and predicted A549 cell uptake (107" g Au cell™) of nanoparticles with dual ligands on their surfaces. The left panel is the linear
model and the right panel is the nonlinear model. The training set is denoted by circles, and the test set by triangles.

with high value of Mor21le have higher uptake and vice versa.
However, there are a number of other descriptors with similar
significance such as E2m, G3v, PJI3, G3p, and RDF115p. There-
fore, nanoparticle TA-45 with the highest Mor21e value does not
have the highest A549 cellular uptake of 6 x 107! g Au cell™!
because the values for other descriptors are not optimal. How-
ever, its cellular uptake of 4.19 x 107! g Au cell™ is still the top
four in the thirty nanoparticle list.

2.2. Single Ligand Nanoparticle Cellular Uptake

As we noted before, there was no correlation between the
uptake of nanoparticles with or without FA on the surface for
any cell lines. We also attempted to model the cellular uptake
of monoligand nanoparticles. However, the original pool of 482
descriptors did not give good models for these data sets. We
therefore employed a larger pool of 699 descriptors calculated
by the DRAGON software. With these challenging data sets,
sparse feature selection using linear methods did not result
in models with good statistical significance for most cancer
cell lines. Nonlinear sparse feature selection using BRANNLP
could only generate good models for the cervical cancer cellular
uptake data and significantly ill-posed models for A549 cel-
lular uptake, which we considered not sufficiently reliable to be
useful. No satisfactory models were built for the HepG2 and KB
cellular uptakes of modified gold nanoparticles. This suggests
that the organic ligands in our library had relatively small cell
targeting abilities on their own for these two cell lines, but were
able to synergize with FA to target all four cancer cell lines. In
some cases the organic ligands generated a substantially higher
uptake than FA alone (e.g., 11.4 x 107! g Au cell? vs 3.5 x 107!
g Au cell™? for Hela, 11.6 X 107! g Au cell! vs 3.9 x 107! g
Au cell™! for KB cells, 3.6 X 107! g Au cell ! vs 0.8 x 107! g Au
cell™! for HepG2 cells, and 6.0 X 107! g Au cell ™ vs 1.8 x 107!
g Au cell™ for A549 cells). Other surface chemistries appeared
to antagonize the uptake compared to FA alone (e.g., 2.5 x 107!
g Au cell ™ vs 3.5 x 107! g Au cell™! for HeLa cells, 1.2 x 1071 g
Au cell™ vs 3.9 x 107! g Au cell™! for KB cells, 0.3 x 107! g Au
cell ™t vs 0.8 x 107! g Au cell™ for HepG2 cells, and 1.0 x 10711
g Au cell ™t vs 1.8 X 107! g Au cell™! for A549 cells).

Adv. Funct. Mater. 2015, 25, 6927-6935
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2.2.1. Hela Cell Uptake

The nonlinear sparse feature selection pruned out irrelevant
descriptors and kept the 13 most relevant descriptors to build
the models predicting the HeLa uptake of nanoparticles with
diverse organic ligands on their surface, but no FA. Using these
descriptors, the linear models had an 7 value of 0.88 and SEE
of 1.00 x 107! g Au cell™ for the training set and an r? value of
0.82 and SEP of 1.25 x 107! g Au cell™! for the test set (Table 2).
The nonlinear model had similar performance with r? value
of 0.87 and SEE of 0.53 x 107! g Au cell™! for the training set
and r? value of 0.85 and SEP of 1.36 x 107! g Au cell! for the
test set. Figure 6 illustrates the abilities of both models in pre-
dicting the Hela uptake of monoligand nanoparticles for the
training and test sets.

Figure S5 (Supporting Information) shows the effects of 13
different descriptors selected by BRANNLP model on the cer-
vical cancer cellular (HeLa) uptake of monoligand nanoparti-
cles. The MoRSE descriptors, Mor20e (promoting) and Mor20u
(inhibiting), were the most significant contributors to the
uptake models (Table S5, Supporting Information). Nanoparti-
cles surface chemistries characterized by high Mor20e values
have higher cellular uptakes while those with high Mor20u
values have lower HeLa uptake. Among the 30 nanoparticles in
the data set, nanoparticle TA-13 has not only the largest Mor20e
descriptor but also the highest Mor20u descriptor. However, the
influence of the Mor20e descriptor dominates and the nanopar-
ticle TA-13 is taken up by HelLa cells at 6.69 x 107! g Au cell™},
one of the four highest uptakes in this cell line. Conversely,
nanoparticle TA-32 has the smallest Mor20e and Mor20u
descriptors and its uptake of 3.13 x 107! g Au cell™! was among
the lowest.

2.2.2. A549 Cell Uptake

The A549 cellular uptake data set for 30 monoligand nano-
particles was very difficult to model, possibly because it has a
more diverse set of surface markers than the other cell lines.
Inspection of Table 1 reveals that the uptake of nanoparticles with
small organic ligand surfaces but not folate is substantially lower
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Figure 6. Measured and predicted Hela cell uptake (x107"" g Au cell™") of nanoparticles with single ligands on their surfaces. The left panel is the linear
model and the right panel is the nonlinear model. The training set is denoted by circles, and the test set by triangles.

for A549 cells than for Hela and KB cells and comparable to
HepG2 cells. Both linear and nonlinear sparse feature selection
failed to generate statistically significant models. We then tried
different combinations of descriptors suggested by a number of
very sparse nonlinear BRANNLP models with reasonably low
SEP. Although, this led to the generation of one or two models
that had apparently acceptable statistics, generation of multiple
models of similar sparsity suggested that the models were ill-
posed and unstable. Therefore, we have not reported them here.

3. Conclusions

Understanding the effect of surface chemistry on higher affinity
and personalized uptake of nanoparticles is critical for the design
of new theranostics, but also to ensure nanoparticles do not have
significant side effects. We have shown how computational mod-
eling of limited biological data on nanoparticle uptake can elu-
cidate the relationship between surface chemistry and uptake,
and allow predictions of uptake to be made reliably (within the
applicability domain of the models) for new surface chemistries.
Models with high predictivity for cancer cell uptake were gener-
ated, providing an important proof of concept for computational
approaches based on sparse machine learning methods. The
models identified the relative cell targeting provided by small
organic ligands and a well-known cancer cell targeting ligand,
folic acid. The models will be useful for designing nanoparticle
surfaces that can be optimized for uptake in particular cells.
Although some descriptors used are arcane, making interpreta-
tion in terms of surface chemistry more difficult, the easiest way
to use the models is to generate a large virtual library of potential
nanoparticle surface ligands and use the models to select those
with the best predicted uptake in the cell of choice. If models
also exist for multiple cell types, it should be possible to “design
in” selectivity as well as uptake efficacy, and get closer to the ideal
theranostics nanoparticle with broadly tuneable cell recognition.

4. Experimental Section

We chose for this study cell lines from cervical (HelLa), epidermal (KB),
and hepatocellular (HepG2) cancers that are known to overexpress the
folate receptor, and adenocarcinomic human alveolar basal epithelial

© 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim

(A549) cells that express very low levels of folate receptor.'¥ They
should have different surface receptors than Hela cells because of
their different organ origin. The biological data and a description of the
nanoparticle library were reported in Zhou et al.'% In this experimental
study, nanoparticles were generated with diverse surface chemistries
and the experiments involved assessing uptake of these nanoparticles in
the four cancer cell lines alone, or with the addition of the FA ligand. The
average number of organic ligands per nanoparticle was 290 £ 60 and the
average number of FA groups on each nanoparticle was 30 £ 5. The ratio
of the secondary ligand to FA was between 7 and 12 per nanoparticle.
All surface-modified nanoparticles had similar { potential values from
—38 to —40 mV in water, suggesting that they do not agglomerate. This is
supported by the size distributions from TEM showing they had average
sizes of 7.4-9.9 nm with a standard deviation of 1.2 nm in water and
13-18 £ 2.2 nm in phosphate buffered saline (PBS).C!

Two sets of data corresponding to amide ligands (Table 1) alone
(monoligand set) or the amide ligands plus FA (dual-ligand set) on the
surface of the nanoparticles were used to build the QSPR models. The
data set was divided into eight 30 data point subsets corresponding to
cellular uptake in the four cancer cell lines (Hela, KB, HepG2, and A549)
with one or two (with FA) types of ligands on the nanoparticle surface.
The structures of the 30 different types of surface chemistry (Table 1)
plus that of FA were used to generate molecular descriptors that
capture their biologically relevant properties. The DRAGON softwarel'!
was used to calculate these descriptors that encoded mathematically
properties such as geometry, partial charges, existence of molecular
fragments, or distribution of atoms and atomic mass. The data sets
were divided into training and test sets which consisted of 80% and
20% of the data, respectively, using k-means clustering algorithm. The
models were generated using only the training sets and their ability to
predict new data that the model has not seen before was validated using
the test sets. Three sparse machine-learning methods were employed:
multiple linear regression with expectation maximization (MLREM),['é]
nonlinear Bayesian regularized artificial neural networks with Gaussian
prior (BRANNGP), and nonlinear Bayesian regularized artificial neural
networks with Laplacian prior (BRANNLP).'®l The neural networks
consisted of input, hidden, and output layers. The number of nodes
in the input layer was equal to the number of molecular descriptors
whereas the output layer had only one node corresponding to the
cellular uptake. Two or three nodes in the hidden layer were found to
be sufficient to build good models, and increasing the number is
unnecessary as the Bayesian regularization automatically controls
the complexity of the models to optimize predictivity.'”! The number
of effective weights derived from the neural network models tended
to a constant value as the number of hidden layer nodes increased.
Details of the Bayesian regularization applied to feed forward neural
networks can be found elsewhere.''® The most important descriptors
that control the cellular uptakes were identified using sparse feature
selection methods: MLREM and BRANNLP. These approaches have
been shown to be useful in carrying out sparse linear and nonlinear
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descriptor selection. By tuning progressively the sparsity of MLREM and
BRANNLP, the least informative descriptors could be pruned out and
the most relevant descriptors retained.

The performance of the models obtained was assessed using the
coefficient of determination (r?), the standard error of estimation (SEE),
and the standard error of prediction (SEP). The r? is the square of the
correlation coefficient (r) between the predicted and measured values
of the cellular uptake. SEE and SEP are the root-mean-square values,
adjusted for degrees of freedom, of the difference between the predicted
and measured cellular uptake values for the training and test sets,
respectively. They are more robust estimates of the predictive ability of
QSPR models because, unlike r?, they do not depend on the number
of data points in the training set or the number of descriptors in the
model.[41]

Supporting Information

Supporting Information is available from the Wiley Online Library or
from the author.
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